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Executive Summary  

This document is the second deliverable of Task 3.1 ‘Spectrum Awareness for Disaster Recovery and 
Event Servicing’ scheduled in month 24th. The purpose of this deliverable is to give a performance 
evaluation for the proposed spectrum awareness techniques of the rapidly deployable LTE based 
networks. 

Chapter 2 of this document provides a summary of the spectrum awareness capability in the scenarios 
of disaster relief and temporary events. Some technical findings, including the selection of spectrum 
bands, coexisting wireless systems, roll-out/in-service phases and the required functionalities on REM 
and spectrum sensing at the rapidly deployable aerial/terrestrial eNodeB, are briefly reviewed. In 
addition, an overview of spectrum sensing methods, namely, signal detection, whiteness detection, 
cross-correlation, autocorrelation, and Cyclostationary detection are given, as well as the mechanism 
of REM. 

Chapter 3 presents the numerical results of performance evaluations regarding the spectrum sensing 
algorithms. Among spectrum sensing techniques, energy detection is the simplest one but it is 
vulnerable to noise uncertainty. Auto-correlation detection can achieve reliable signal detection with a 
low complexity, and a more reliable performance can be achieved by cross-correlation detection if a 
prior knowledge, i.e., the feature sequence (preamble, pilot sequence and pulse shaping filter) is 
completely known to the detector. For a wideband signal sensing which can cover multiple channels 
simultaneously, using the poly-phase network based filter bank can obtain good performance with a 
reasonable complexity. The numerical results reveal that the filter bank technique can achieve both 
high dynamic range and resolution, which would be ideal for sensing and measuring power in the 
ABSOLUTE network. From a practical point of view, LTE does not have the synchronized quiet 
period mechanism for enabling the in-band spectrum sensing, so may be inefficient compared to a 
cognitive radio based system such as IEEE 802.22. The proposed parallel sensing mechanism based on 
interference suppression can solve this problem well from the observation of performance evaluations. 

Radio environment maps (REMs) are an important source of information for operation of cognitive 
radio networks. The REM complements the spectrum sensing information and applies spectrum 
sensing to extract REM radio frequency layer. Chapter 4 provides a short survey of methods for 
constructing the radio-frequency REM layer (RF-REM) using distributed measurements of the signal 
levels and evaluates the performance of selected methods to choose the most appropriate method for 
the ABSLOUTE scenario. The performance evaluation of the methods reveals that the direct methods, 
applying different interpolation algorithms, are less appropriate for the ABSOLUTE scenario 
characterised by a low number of clustered measurements, at least prior to when the base station is 
switched on. On the other hand, the indirect methods require a lower number of measurements to 
extract transmitter properties, in addition, some transmitter properties can be queried from other REM 
layers. Simulation results show, that the indirect Self Tuning Method (STM), which applies the 
mentioned approach, outperforms other methods at reasonable computational complexity.  

In the second part of Chapter 4 outlines the REM architecture consisting of the REM storage and 
acquisition module, REM manager, interfaces to radio resource management, users and measurement 
capable devices and propose the implementation of the REM using open source GIS software 
platform, enriched by network planning tool RaPlaT. The REM storage contains the GRASS MapSets, 
a PosgreSQL database, and ASCII files containing antenna diagrams. The REM acquisition consists of 
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queries of the information from other databases and measurement capable devices. The REM manager 
consists of modules that are responsible for the generation of interference maps, storing interference 
maps in the REM storage and acquisition module, keeping them updated, retrieving the interference 
maps for the GRASS MapSet, and delivering them to the cognitive engine. The interfaces to the REM 
includes graphical user interfaces, applied for database management, entering results into the database 
tables, viewing results of calculations, etc. and machine to machine interfaces. The hypertext transfer 
protocol is proposed as machine to machine communication protocol. 

Chapter 5 addresses the spectrum awareness for disaster recovery and temporary events by 
investigating opportunistic spectrum sensing mechanisms. The main focus is the in-band sensing by 
the MM-UEs during the in-service phase. Bearing in mind that the sensing functionality includes any 
kind of technique that allows the MM-UEs to gather useful radio environment information and 
enhance the functionality of ABSOLUTE system. Therefore, this chapter will address the spectrum 
awareness techniques from a localization perspective. This chapter also highlights the scenario which 
detects the incumbent UE by a secondary AeNB during a disaster recovery scenario. A novel energy 
based sensing technique has been proposed that considers the 3GPP-LTE specifications.  
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1 Introduction 

The innovative aerial and terrestrial LTE eNodeB systems proposed in the ABSOLUTE project are 
desired to be rapidly deployed for establishing reliable broadband wireless communication networks 
for unexpected and temporary events, particularly in disaster relief scenarios, which have been 
investigated and specified in the deliverable of D2.1 “Use cases definition and scenarios description”. 
The radio environments in such situations in terms of the types, locations and coverage of coexisting 
wireless systems as well as interference levels are probably unknown and dynamically changing, 
which make the deployment much more challenging in comparison with the conventional deployment 
of the infrastructural cellular networks, where comprehensive knowledge of the radio environment is 
available and there is enough time available for planning and optimization. Therefore, advanced 
spectrum awareness techniques are required for enhancing the rapidly deployable eNodeB systems to 
operate reliably without mutual interference between the coexisting networks. This has been studied in 
the Task 3.1 of the ABSOLUTE project. 

The 700 MHz public safety band and 2600MHz band have been recognized as most suitable for the 
LTE-based network in ABSOLUTE to operate, where the infrastructural LTE, UMTS and DVB-T 
systems as well as LTE eNodeB. This network will be rapidly deployed by other first responders and 
are identified as coexisting wireless systems with respect to the incumbents. To make clear how well 
the rapidly deployed systems will operate, this report presents performance evaluations of the 
proposed spectrum awareness techniques in ABSOLUTE.  

As reported in D3.1.1, both approaches of radio environment map (REM) and spectrum sensing are 
employed for spectrum awareness in roll-out and in-service phases of the aerial and terrestrial eNodeB 
systems. In the spectrum sensing approach, signal detection, classification and measurement of 
different types of coexisting radio access technologies (RAT), considering the temporal behaviour of 
user statistics are the major requirements. For the REM approach, the requirements using predictive 
and statistical methods, which incorporate sensing measurement results have been addressed. The 
GRASS-RaPlaT software is introduced in detail and is specified as the major tool for constructing the 
REM. 

This report is organized as follows. In Chapter  2, the frequency bands, coexisting systems and 
spectrum awareness techniques are summarized. Chapter 3 and 4 present the numerical results of 
performance evaluations regarding the spectrum sensing algorithms and radio environment map, 
respectively. Chapter 5 gives the performance analyses and evaluation results of several ABSOLUTE-
specific spectrum awareness techniques. Finally, Chapter 6 draws the conclusion. 
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2 Summary of Spectrum Awareness Techniques in ABSOLUTE 

In the ABSOLUTE project, the spectrum awareness techniques are used for finding available spectrum 
resources and avoiding interference with legacy primary users (PU) systems, in the ABSOLUTE case 
mainly surviving base stations in disaster scenarios as well as other emergency wireless networks, and 
also TV transmitters. 

As was defined in the Section 3.1 of the ABSOLUTE’s deliverable D3.1.1 [1], the radio frequency 
range of 700MHz, TVWS and 2.6GHz was considered. In the US, four segments of spectrum in the 
700MHz band [2] have been assigned for public safety communications on November 19, 2007. In 
Europe, the 700MHz band has also been taken into account for public safety communications [3]. The 
detailed allocation is still being planned, however, it is reasonable to assume this band for the LTE 
based network in ABSOLUTE might become available, with its capability of delivering large area 
coverage due to the propagation environment. For supporting the communication in places with a 
large user density, the 2.6GHz band better suits small cell deployments and is also taken into account 
for the LTE based network in ABSOLUTE. The frequency bands for the ABSOLUTE LTE network 
and the coexisting and possibly interfering wireless systems are listed in Table  2-1. 

Table  2-1 Frequency Bands and Coexisting/Interfering Wireless Systems for ABSOLUTE LTE Network 

Frequency Bands Coexisting/Interfering Wireless Systems 

TV band white space (TVWS) DVB-T broadcast, coexisting ABSOLUTE 
LTE networks 

700MHz public safety band DVB-T broadcast, coexisting ABSOLUTE 
LTE networks 

2.6GHz band Other LTE network and UMTS/HSPA 
networks 

 

For spectrum awareness, two types of techniques, namely spectrum sensing and radio environment 
map (REM) are applied in ABSOLUTE. Brief summaries of the two techniques are given in the 
following two sections.  

2.1 Spectrum Sensing 

Relying on various advanced signal processing algorithms, spectrum sensing, which is the most 
straightforward spectrum awareness technique, can directly observe the radio spectrum and find the 
coexisting systems. The study of this technique was originally motivated by the past enthusiasm in 
using underutilized TV bands, thus widely available TVWS for achieving broadband radio access in 
addition to the expensive legacy cellular communications. Spectrum sensing is focused on the 
detection of the PU’s signal. Typical detection techniques are summarized as follows: 

1) Energy Detection 
The energy detection is simply testing the energy level of the interested spectral bands, which 
does not rely on pre-knowledge of the targeted signal's features. It is easy to implement and 
requires no a priori knowledge of the signal of interest (SOI). But it is very vulnerable to the 
noise uncertainty problem [5], which limited its reliability. 
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2) Whiteness Detection 
It is commonly assumed that the noise in a receiver is white with autocorrelation of a Dirac 
delta function or, in another form, a flat power spectrum density (PSD). However, the received 
signals are normally not white due to their limited bandwidth, pulse shaping and the effect of 
frequency selective fading. This difference between the signal and noise can be used for 
differentiating the signal out of the summation of signal and noise. A comprehensive summary 
of the whiteness based spectrum sensing can be found in [6]. This method also does not 
require any a priori knowledge of the SOI. 

3) Matched Filter/Cross-correlation Detection 
The matched filter detection assumes the receiver knows the feature sequence (e.g. pilot, pulse 
shaping filter, etc.) within the target signal, such as the pulse shaping filter and pilot or 
preamble sequences. Then the detection can be achieved by the cross-correlation between the 
received signal + noise and the matched filter's response. This method can achieve the best 
detection performance at low SNR levels [7] at the cost of higher computational complexity 
due to the cross-correlation/convolution operation with long sequences. 

4) Autocorrelation Detection 
This detection method does not require the full knowledge of the feature sequence. Instead, it 
relies only on the knowledge of the distance and period between repeated sequences, such as 
the cyclic prefix (CP) and repeated pilot. The autocorrelation detection is essentially based on 
the correlation of the received signal with its time-shifted version, so that the repeated 
sequence can correlate with each other. The detection performance at low SNR is not as well 
as that of matched filter detection 

5) Cyclostationary Detection  
The cyclostationarity of signal is commonly analysed using cyclic autocorrelation function 
(CAF) and further by spectral correlation function (SCF), which is essentially based on the 
autocorrelation in frequency domain. The cyclostationarity based sensing suffers from high 
computational complexity especially in computing the CAF. Meanwhile the cyclic and 
spectral frequency resolutions should be preselected based on the predicted feature’s spectral-
cyclic frequencies. 

It has been proven that the cross-correlation and autocorrelation based detection methods are most 
reliable [8] [9] [10] for detecting signals in practice. Therefore, they are extensively applied in the 
sensing scheme for ABSOLUTE. As can be seen in Table  2-1, in one frequency band, there is more 
than one type of signal. A robust classification framework combining different detection metrics with 
the maximum likelihood estimation (MLE) [11] has been proposed for ABSOLUTE to address this 
issue.  

The wide frequency bands are normally split into a number of channels. How to efficiently process the 
multiple channels in sensing is studied with the proposal of a novel filter bank based sensing algorithm 
[12]. The filter bank technique can be also applied to the accurate estimation of the power spectrum 
density (PSD) of a signal which outperforms the classical Welch’s method in terms of both frequency 
resolution and dynamic range for revealing the frequency components with high differences in power. 

LTE plays a key part in the ABSOLUTE network architecture. However, LTE itself does not have the 
cognitive functionality which is desired for fast deployment in an unknown radio environment. For 
example, in the typical CR standard ECMA-392 and IEEE 802.22, the synchronized quiet period (QP) 
is used for silencing the whole network for a while in order to sense the coexisting networks. The QP 
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mechanism does not exist in the LTE standard. A parallel sensing scheme is proposed for enabling the 
LTE system to sense along with the data transmission and reception by using signal processing to 
suppress the network interference generated within the LTE network itself. It does not require any 
modification to the existing LTE standard. 

The results of all the sensing algorithms proposed for ABSOLUTE will be presented with details in 
Chapter  3 and Chapter 5. 

2.2 Radio Environment Map 

The REM is an advanced knowledge base that stores live multi-domain information on the network 
entities, the radio propagation environment, as well the history of the previously mentioned elements. 
The REM is essential part of Cognitive Radio Network concept. It can also be applied for any dynamic 
spectrum assignment. The main task of the REM is the construction of the dynamic interference maps 
for each frequency channel at each location of interest using all available information stored in the 
REM, including the information about primary users, as well as the measurements obtained from the 
measurement capable devices (MCD). 

The REM stores information about the geographic information, available services and networks, 
regulation and policy, activity profile of radio device and historical experiences. The most important 
class of information in the REM is interference field information, which is obtained from maps 
illustrating the area coverage with radio signal. This layer of the REM is in this report named RF-REM 
layer. The RF-REM layer can be estimated from data containing the transmitter parameters by 
applying appropriate radio propagation model, or from received signal level measurements obtained 
either by dedicated measurement campaigns or using participatory spectrum sensing approach. The 
RF-REM layer construction can be performed with direct or indirect methods. Direct methods are in 
fact spatial interpolation methods, widely applied in geo-science. Indirect methods estimate the 
transmitter location and its parameters first, and then apply various propagation models to estimate the 
signal level at specified location. In this report we evaluate the performance of different methods for 
RF-REM construction, both direct and indirect, and we do not look at methods and techniques for 
estimation of transmitter location and its parameters. 

The way to implement the REM with complete functionality is still an open issue. In this report, it is 
proposed to use the GRASS-RaPlaT open-source software platform for the implementation. Indeed, 
this platform includes functionalities for efficient and complete implementation of the REM. 
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3 Performance of Spectrum Sensing 

3.1 Performance of Signal Detection Algorithms 

3.1.1 Signal Detection 

In a practical receiver, the noise power is difficult to be accurately estimated due to the estimation 
error, changing temperature and appearance of external interference. Although the energy detector is 
easy to implement, it is vulnerable to the noise uncertainty (NU). Figure  3—1 demonstrates the 
probability of mis-detection (PMD) performance of energy detection with and without noise 
uncertainty. It shows that under idea noise power estimation, the DVB-T signal can be reliably 
detected at low SNR level. But the noise uncertainty of 1dB can dramatically decreased the detection 
performance by over 10dB, resulting the “SNR Wall” problem. 

 

 

Figure  3—1 “SNR wall” of power detector under noise uncertainty sensing DVB-signals, PFA=0.01, CP 
length=1/4, 8K mode, sensing time=50ms 

3.1.2 Auto-correlation Detection 

The auto-correlation detection can achieve reliable signal detection with low computational 
complexity.  It is worth to mention that with the dimension cancellation technique [13], the destruction 
from NU can be completely mitigated at the cost of marginal performance losses. In Figure  3—2, the 
PMD performance for four detection algorithms under different NU conditions are compared. The 
detection algorithms are: 

• FSA-SUM: feature sequence (DVB-T’s pilot time-domain sequence) auto-correlation with 
summation 

• FSA-2C: feature sequence auto-correlation with secondary correlation 

• CP-SUM: CP auto-correlation with summation 

• CP-SW: CP auto-correlation with sliding window 

All these detection algorithms using DVB-T’s pilot sequence or CP for auto-correlation can achieve 
signal detection at SNR level lower than -8dB. It is highlighted that when DIC is enabled (red curves), 
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the detection performance is the same no matter the NU is 0dB or 1dB. Besides, the performance is 
just a little worse than the case when DIC is not enabled (green curves). 

 

Figure  3—2 Using DIC to mitigate NU for FSA and CP based detections on DVB-T signal (2K, 1/4 CP 
mode), observation time: 10 ms, PFA: 0.01 

3.1.3 Cross-correlation Detection 

If the feature sequence (preamble, pilot sequence and pulse shaping filter) is completely known to the 
detector, the detection more reliable than the auto-correlation detection could be achieved by cross-
correlating the know feature sequence with received signal. Since the cross-correlation is essentially 
the coevolution operation in FIR filtering, it is actually the practical implementation of the matched 
filter detection with optimal performance as stated in [7]. Figure  3—3 presents the PMD performance 
of detecting DVB-T signal with the feature sequence cross-correlation (FS-CC) method and the auto-
correlation detection with feature sequence and CP. It shows that in any wireless channel condition, 
the cross-correlation detection outperforms the auto-correlation detection.  

 

Figure  3—3 PMD performance for DVB-T signal (8K DFT, 1/4 CP) with COST207 Bad Urban and Rural 
Area multipath channels, segment length: 1/4 symbol, observation time: 20 ms, PFA: 0.01 
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3.2 Performance of Signal Classification 

In [13] and [11], a robust signal classification scheme based on MLE has been proposed and validated 
for the scenarios of TVWS and 2.6GHz band respectively.  

In the TVWS scenario, 5 classes of signals are taken into account. They are the DVB-T, IEEE 802.22, 
ECMA-392, TD-LTE and wireless microphone (WM). Figure  3—4 shows the probability of correct 
classification (PCC) performances for the signal classes. It should be noted that as the signal from PU, 
the DVB-T signal can be detected and classified at the lowest SNR level. Figure  3—5 further presents 
the overall classification performance of the five classes. It should be noticed that the conditional 
probability of correct classification when detected (PCCD) performance is closed to 1 even at very 
low SNR level, which indicates the effectiveness of the MLE based classification that as long as a 
signal is detected, it can be always correctly classified. The M1, M2 and M3 in Figure  3—4 refers to 
three methods of performance evaluation applied in [13]. Briefly described, M1 is the pure computer 
simulation with emulated signal and noise; M2 is the combination of simulation and measurement 
with real-world signal and noise but combined in simulation tests; while M3 is the pure measurement 
with real-world signal and noise combined naturally in a practical receiver. It shows that the 
simulation and measurement results agree with each other very well. 

 

Figure  3—4 Classification performances of the five individual signal classes in TVWS, observation time: 
20 ms, PFA: 0.01 

 

Figure  3—5 Overall classification performances of all the five signal classes in TVWS, observation time: 
20 ms, PFA: 0.01 
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In Figure  3—6 and Figure  3—7, the detection and classification performances of LTE and UMTS 
signals with different physical layer cell identity are presented. These two classes of signal may 
coexist in 2.6GHz band in the scenario of deploying ABSOLUTE LTE network with high user density. 
The results generally show the same conclusion that the MLE classifier is very reliable that the signals 
can be detected even when they are under noise floor and the PCCD of 1 indicates that they can be 
correctly classified as long as they are detected. 

 

 

Figure  3—6 The probability of correct classification (PCC) performances of the individual signal classes, 
PFA: 0.01, observation time: 10 ms 

 

Figure  3—7 The overall probability of correct classification (PCC) and probability of correct 
classification when detected (PCCD) performances of all the signal classes, PFA: 0.01, observation time: 

10 ms 
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3.3 Performance of Filter Bank Based Sensing 

In previous discussions of spectrum sensing performance, only one specific channel was taken into 
account. For a wideband sensing receiver which can cover multiple channels, the sensing could be 
done in a way that each channel is sequentially picked up using band-pass filter and tested with 
sensing algorithms. This manner can lead to high computational complexity but can be optimized 
using the poly phase network (PPN) based filter bank which can process multi-band signal in parallel 
with reduced complexity.  

In [12], a filter bank scheme for sensing DVB-T signals in multiple channels is proposed. The signal 
in TV band captured using a real-time spectrum analyser is taken to demonstrate the filter bank based 
sensing. Figure  3—8 presents the PSD of the received signal in TV band containing eight continuous 
channels with some visible DVB-T receptions in them. The PSD can be used for energy based multi-
channel sensing by simply testing the energy level in each of the channels. 

 

Figure  3—8 PSD of simultaneously received real-world signal in 8 TV channels 

In Figure  3—9, the key intermediate result, cross-correlation values in the detection algorithm for 
DVB-T are plotted for both hypotheses H0 (signal does not exist in the channel) and H1 (signal exists 
in the channel). It clearly shows some feature peaks in hypothesis H1, which are missing in H1. 
Figure  3—10 further demonstrates the cross-correlation values for the 8 TV channels obtained using 
the PPN based filter bank. In comparison with Figure  3—9, they clearly show the features of DVB-T 
transmissions in Channel 23, 24, 26, 27, 28 and 29. It should be noted that, in some of the channels 
(Ch. 26, 27, 29) the signals are so weak that cannot be reliably detected using energy as shown in 
Figure  3—8. However, they can be clearly revealed using the cross-correlation based detection 
together with PPN based filter bank.  

 

Figure  3—9 Cross-correlation value for simulated DVB-T signal, DVB-T: 8K 1/4 CP mode, observation 
time: 20 ms, FS lengths: 4 OFDM symbols, SNR: -16 dB 
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Figure  3—10 Cross-correlation values versus time (ms) obtained via PPN based filter bank for captured 
signal in TV band, which show feature peaks of DVB-T signals, DVB-T: 8K 1/4 CP mode, observation 

time: 20 ms, FS lengths: 4 OFDM symbols 

The computational complexity of filter bank techniques is further studied. The number of complex 
multiplication which is most time-consuming in processors is taken as the benchmark. As is shown in 
Figure  3—11, comparing with the algorithm of sequential time domain filtering, the complexity 
reduction is increasing along with the number of parallel channels by the factor 1/N2, in which N is the 
number of sub channels. Thus, for ten channels, the PPN filter bank can contribute to 100 times of 
complexity reduction. Furthermore, the cross-correlation operation in FIR filter can be more 
efficiently implemented with FFT, which gives a further reduction of N log2(M/N) / M, in which M is 
the length of the FIR filter. 

 

 

Figure  3—11 Complexities of multi-channel filter bank based detection algorithm with different levels of 
optimization, DVB-T: 8K 1/4 CP mode, observation time: 20 ms, FS lengths: 4 OFDM symbols 

The filter bank can be also utilized for getting accurate PSD estimation of a signal. In Figure  3—12, 
the filter bank spectrum estimation (FBSE) is compared with the classical Welch’s method with 
different windowing function. The tested signal is a narrowband signal (<200 kHz) which is extended 
to a wider bandwidth of 4MHz with interpolation and FIR low-pass filter. Figure  3—12 shows that 
only the FBSE can clearly reveal the residual side lobe components with high dynamic range while 
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maintaining good frequency resolution with narrowest main lobe. For the Welch’s method, all the 
window functions, including rectangular window, Hamming window and Blackman window cannot 
achieve the high dynamic range as with FBSE. The Blackman window outperforms the other windows 
at the cost of lowest frequency resolution with widest main lobe. The results prove that the FBSE can 
achieve both high dynamic range and resolution, which would be ideal for sensing and measuring 
power in ABSOLUTE network. 

 

Figure  3—12 Estimated PSDs using different methods with the same FFT length: 256 

3.4 Performance of Network Interference Suppression for Parallel 
Sensing 

Unlike the CR standards such as IEEE 802.22 and ECMA-392, the LTE does not have the 
synchronized QP mechanism for enabling the in-band spectrum sensing alone with the communication 
within in the same channel. A parallel sensing scheme [14] has been proposed for addressing this issue 
in a way that the network interference from other CR nodes is suppressed using their statistical 
property when one node is doing sensing. Then, the conventional QP mechanism is rendered 
unnecessary and there is no need to perform any modification to the LTE specification for 
accommodating sensing. Instead, the network interference suppression (NIS) is performed as an 
independent pre-processing procedure to the raw baseband I/Q samples before any spectrum sensing 
algorithms. 
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Figure  3—13 Procedures of parallel in-band signal detection and classification with NIS pre-processing 

In [14], two types of suppression strategies are proposed: 

• The optimal one is equivalent to the inverse of the spectrogram of the received signal + 
interference + noise, shown in Figure  3—14(b) 

• A sub-optimal but practical one is equivalent to flattening the spectrogram, shown in 
Figure  3—14(c) 

 

Figure  3—14 The spectrograms showing NIS pre-processing of the received DVB-T signal (SNR: -16 dB) 
containing the network interference of LTE downlink signal with the INR randomly scaling between 0dB 

and 30dB on each resource block: (a) raw FDD-LTE downlink signal; (b) pre-processed signal with 
optimal inverse-spectrum NIS; (c) pre-processed signal after flat-spectrum NIS 

The performances for the two NIS strategies used for detecting DVB-T signal are presented by the 
receiver operation characteristic (ROC) curves in Figure  3—15. The interference to noise ratio (INR) 
of network interference is evenly distributed between 0 and 30dB with average value 22dB. The 
results show that without the NIS pre-processing, the detection completely fails at SNR level of -15dB 
and -16dB. However, both inversing and flattening NIS can bring some gains and the earlier one 
outperforms the later one.  
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Figure  3—15 ROC performances of detecting DVB-T signal using the pilot cross-correlation based 
detection algorithm with different NIS method, LTE INR: 0~30dB (in average 22dB), observation time: 

20ms 

The MLE signal classifier presented in Section  3.2 is combined with the NIS scheme and simulated 
for detecting classifying two representative signal types in TVWS: DVB-T and IEEE 802.22 WRAN. 
The PCC performances are shown in Figure  3—16 and Figure  3—17 respectively. They clearly show 
a performance gain of over 10dB from NIS for both signal types and the gain of inversing NIS is a 
little larger than that of flattening NIS.  

 

Figure  3—16 Probability of Correct Classification (PCC) performances for DVB-T signal, observation 
time: 20 ms, signal-specific PFA: 0.005, overall PFA: 0.01 
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Figure  3—17 Probability of Correct Classification (PCC) performances for IEEE 802.22 WRAN signal, 
observation time: 20 ms, signal-specific PFA: 0.005, overall PFA: 0.01 

Although the inversing NIS outperforms flattening NIS in sensing performances, the flattening NIS 
has the advantage that the stable detection threshold and PFA can be achieved thanks to the whitening 
processing to the interference and noise, which makes the detection processing similar to that of 
AWGN case. The simulation results in Figure  3—18 confirms this benefits by showing that with 
flattening NIS the actual PFA is almost the same as for AWGN by using the same threshold, while 
with inversing NIS, the actual PFA varies significantly. Therefore, from the practical point of view, 
the flattening NIS is more preferable.  

 

Figure  3—18 The impact of NIS to detection threshold and its corresponding probability of false alarm 
(PFA), cross-correlation based detection metric for DVB-T (Section 2.1.1), observation time: 20 ms 
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4 Performance of the Radio Environment Map 

 
The run-time awareness about the radio environment is crucial to set up the ABSOLUTE radio 
network and to keep its coverage and its interference to neighbouring radio networks within expected 
boundaries during the in-operation phase. After unexpected events such as earthquakes, floods, 
tsunamis, tornados or sleet storms, the pre-existing radio network is partially or completely destroyed 
or damaged, that consequently leads to unknown radio environment. Both solutions proposed by FCC 
(Federal Communications Commission) [15], [16], [17] for TV white spaces namely (i) pure spectrum 
sensing and (ii) a geolocation database are not appropriate for the ABSOLUTE scenarios and use 
cases. Even though the ABSOLUTE network is an interference limited network, so the transmitting 
incumbent systems are not noise-limited, which may result in a reduced sensor sensitivity for detection 
of the primary user (not the conservative level of -114 dBm as specified for TV white spaces), the 
spectrum sensing approach requires distributed radio sensors in space to solve the problem of hidden 
terminals. The radio sensors distributed in space, call for an additional wireless or wired network to 
send sensing results to the central or distributed agents which estimate the radio environment. In 
addition, sensing of radio spectrum may be time consuming for large spectrum bands and higher 
frequency resolutions. On the other hand, the solution based on the geolocation database is also not 
viable for two reasons, namely (i) the connection to the geolocation database may be broken, or (ii) 
data in the geolocation database may not be up to date, due to damaged radio networks. An alternative 
approach for radio environment awareness for the ABSOLUTE scenario is foreseen using a radio 
environment map (REM), which combines both approaches proposed by FCC, i.e. spectrum sensing 
and a geolocation database approach. 

Within this section we using the following terms: 

1. map is digital map in the format as a raster image which consists of pixels, 
2. pixel is the basic element of map and represent a square which dimension depends on map 

resolution; common resolutions are 100x100m for rural area, 25x25 for suburban areas and 
5x5 m or even lower for rural areas, 

3. RF-REM layer is a map containing estimated information about the expected signal level in 
dBm for each pixel in the map; RF-REM  can be calculated for a single base station (cell) or 
network of cell using the same carrier frequency and bandwidth, 

4. M is number of pixels on the map, 
5. spectrum sensor is a device or part of device which can sense the spectrum, 
6. measurement capable device (MCD) is a communication device, which has capability to sense 

spectrum, 
7. N number of measurements, 
8. Lc number of cells in the network. 

 

4.1 Radio environment map structure 

The REM is essential part of Cognitive Radio Network concept, which can be envisioned as an 
advanced knowledge base that stores live multi-domain information on the network entities, the radio 
propagation environment, as well the history of the previously mentioned elements. It can also be 
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applied to dynamic spectrum assignment. The main task of the REM is the construction of the 
dynamic interference maps for each frequency channel at each location of interest using all available 
information stored in the REM, including the information about primary users in a database, as well as 
the measurements obtained from the measurement capable devices (MCD). The REM can be analysed 
from various aspects illustrated in Figure  4—1[18]. In this subsection; we will discuss some of these 
aspects in the view of ABSOLUTE scenarios and use cases.  

4.1.1 Geolocation database and radio environment map 

The geolocation database keeps the information about the primary users, such as location of 
transmitters, their transmit power, antenna type, antenna height above the ground level, antenna tilt 
and its azimuth, frequency of operation, technology, etc. In addition to the data repository service, the 
geolocation database, provides also the registrant and query service. The registrant service provides 
functionality for registration of primary and secondary user. The query service returns the list of 
available channels based on information received at query request. In view of ABSOLUTE scenario 
and use cases, this concept of geolocation database does not provide accurate information due to high 
possibility the information stored in the data repository is not up to date.  

 

Figure  4—1 Various aspects of REM [18]. 

4.1.2 Global and local REM 

The standard REM architecture consists of two layers, namely (i) global REM and (ii) local REM. The 
local REM is responsible for sensing and collecting information from measurement capable devices, 
analysing collected information and taking decisions based on collected information and providing this 
information to the global REM. The global REM collects the information from local REMs, stores this 
information and provides the information obtained from neighbouring local REMs to the local REM. 
The size of global REM depends on the size of network service area while the size of local REM 
depends on unit service area, i.e. the cell in cellular network [18]. The synchronization of the global 
and local REMs is of vital importance for efficient operation of cognitive radio network.  

In the roll-out phase of the ABSOLUTE scenario, i.e. prior setting up a cell, in the worst case the base 
station does not have connection to internet and thus it has to rely only on the REM information stored 
or retrieved locally. In this phase the spectrum sensing is performed at the base station, or by using 
multimode user terminals in the near vicinity of base station applying Wi-Fi/ZigBee network to 
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transfer sensing information to the REM. Due to the limited sensing region, the obtained RF-REM 
layer out of the sensing region is unreliable. This unreliability can be improved by complementing 
sensing information with the information about the radio network prior disaster. Due to limited access 
to the global REM this information has to be cached locally, i.e. in the local REM. When the 
communication link to the global REM is available the local REM information and global REM 
information has to be synchronized. The two layer REM architecture is illustrated Figure  4—2. The 
local REM can be located at the portable land mobile unit (PLMU) or on launch platform of the aerial 
eNodeB, while global REM, which includes information about whole country or province, can be 
located at the headquarters of public protection disaster relief (PPDR) forces.  

  

Figure  4—2 Two-layer architecture of ABSOLUTE REM. 

4.1.3 Data model 

The information stored in REM can be classified based on their contents or alternatively based on 
frequency of the information changes. The REM consists of (i) radio elements, (ii) radio environment 
and (iii) radio scene type of information [18]. Information about the radio devices capable of 
transmitting or receiving radio signal is stored in the tables of radio elements. This includes the 
location of the transceiver, its transmit power, antenna type, antenna azimuth and tilt, its position 
about the ground level, mobility of the transceivers, etc. Radio environment type of information 
includes majority of information, which have the impact on the radio wave propagation, i.e. digital 
elevation model, terrain usage, shapes of buildings and building locations, materials of buildings. The 
most important type of information included in the radio environment class is the interference maps. 
The information about the radio network operators, radio networks services, the radio operator policies 
are arranged in the radio scene type of information.  

The information stored in REM can be static, volatile or derived. The static information is data which 
are not changing or at least not very often; for example, terrain digital elevation model, terrain usage 
maps, location and shape of buildings, location of base stations, mobile operators, etc. Volatile 
information is dynamic frequently changed information. This includes interference maps, list of active 
base stations, etc. Derived information is generated using advanced prediction techniques from static 
and volatile information. Examples of the derived techniques are activity patterns of the base stations. 
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4.1.4 RF-REM construction 

The RF-REM construction includes the following three procedures: (i) data gathering and 
representation, (ii) data processing and (iii) data retrieval or query. The first process consists of 
measurement of the signal level at measurement capable devices (MCDs), sending the measured 
information to the REM, which saves and represents measured information. The measured information 
at least have to include (i) measured signal level, (ii) location of the measurement, (iii) time of the 
measurement, (iv) frequency band of the measurement and (v) duration of the measurement. Initially, 
the cognitive radio look at UHF frequency bands allocated to TV broadcasting where the TV 
broadcast transmitters and program making special event (PMSE) devices are considered as primary 
users. Though this is not core frequency band of ABSOLUTE, in following few sentences we describe 
the differences between radio environment in UHF TV band and in frequency bands of ABSOLUTE. 
The TV transmission follows standardized signal format from fixed location, the transmission is 
continuous. The duration of transmission is several hours, days or even years. In contrast the PMSE 
devices are more difficultly to detect compared to TV signals. Their signal format is based on vendor 
standards. The duration of transmission is in the range of minutes and hours, with periodical day or 
week repetition. In addition to typical 200 kHz bandwidth, several other bandwidth exists, 15 kHz, 
25 kHz, 50 kHz, 100 kHz, etc. However, the PMSE devices do not use a time division or code division 
multiple access, thus a simple receive signal strength indicator (RSSI) gives satisfactory results. When 
the cognitive approach is applied in mobile frequency bands, following the concept of neutral 
spectrum usage rights, e.g. any mobile technology GSM, UMTS, LTE or LTE-A may be present in a 
frequency band. The technology differs in the bandwidth, which they occupy and the spectrum access 
techniques, namely time division multiple access, code division multiple access and frequency 
division multiple access. GSM, UMTS and LTE terminals measure received signal level (RSSI) and 
some technology specific measurements, which help the terminal to perform handover.  

The frequency channel bandwidth of GSM signal is 200 kHz. The sensitivity of GSM terminals should 
be better than -102 dBm or -104 dBm (GSM Rec.05.05). Within one frequency channel there are eight 
time slots allocated to different users. The GSM phone measures RSSI level in one time slot and this 
requires the GSM phone to be synchronized to the GSM network. The measured value of RSSI 
corresponds to the signal from a base station, noise and interference coming from neighbouring base 
stations using the same carrier frequency band and adjacent channels. The GSM Rec.05.05 suggests 
the maximum level of co-channel interference of C/I = 9 dB.  

The UMTS terminal provides three values related to the signal level, namely RSSI, the received signal 
code power (RSCP) and EcNo. The RSSI is the signal power over the complete 5 MHz band which 
includes all components received, including the signals from the serving and neighbouring cells on the 
same frequency. RSCP is the power measured by a UMTS receiver on a particular physical 
communication channel. The physical channel in UMTS system corresponds to particular spreading 
code. The RSCP is usually expressed in dBm. The range is -25 dBm to -120 dBm (3GPP TS 25.133). 
This parameter is used for selecting the cell to connect to, or at handover procedure. EcNo is the 
received energy per chip (Ec) of the pilot channel divided by the total noise power density (No). No 
includes two components thermal noise and surrounding cell interference. The range of EcNo is -
24 dB to 0 dB. The EcNo is the RSCP divided by RSSI. 

EcNo = RSCP – RSSI. 
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This parameter expresses the level of interference in the cell or in other words the occupation of the 
cell. The EcIo is the similar parameter of EcNo. The EcIo represent the ratio of the received energy per 
PN chip for the Common Pilot Channel (CPICH) to the total received power spectral density at the UE 
antenna connector (3GPP TS 25.133). The basic difference between EcNo and EcIo is that Io is the 
total received power density including CPICH of its own cell, No is the total received power density 
excluding CPICH of its own cell. The Ec/No and Ec/Io are often used interchangeably in UMTS 
measurements. 

Similarly to UMTS measurement concept, also the LTE terminal estimates three signal level 
parameters, namely RSSI, the reference signal receive power (RSRP), and reference signal received 
quality (RSRQ). The RSSI represents the average total received power observed only in OFDMA 
symbols containing reference symbols for antenna port 0 (i.e., OFDMA symbol 0 & 4 in a slot) in the 
measurement bandwidth over N resource blocks. The RSSI includes the power from co-channel 
serving & non-serving cells, adjacent channel interference, thermal noise, etc. on one OFDMA symbol 
over 12 subcarrier and N resource blocks. The bandwidth of measurement is 12 * 15 kHz * N, where N 
is the number of resource blocks. The RSRP averages of power levels received across all reference 
signal symbols within the considered measurement frequency bandwidth. It represents the signal 
transmitted from single base station. The RSRQ the quality of transmission and can be calculated from 
RSSI and RSRP.  

RSRQ = (N * RSRP) / RSSI  

The RSRQ measurement provides additional information when RSRP is not sufficient to make a 
reliable handover or cell reselection decision [19]. 

The RF-REM construction actually denotes the construction of interference maps, i.e. the expected 
level of the interference at the chosen location. The interference map is a raster image, which pixel 
represents a square. The dimension of the square depends on the application of the RF-REM (map), 
for example the rural area the pixel size is usually 100 m x100 m, while for urban area common size of 
the square is 5 m x 5 m, or even lower. The signal level within the pixel obeys some probability 
distribution, for example the lognormal distribution for rural area or Rayleigh distribution for the 
urban area. The RF-REM represents the expected value of the signal in the pixel. Assuming the shape 
of probability density function and the threshold, the probability the signal is above/below certain 
level can be calculated. The description of the interference map concept is described in Figure  4—3.  
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Figure  4—3 The interference map concept 

The central task of the REM is to construct the interference map from measurements and other 
available data. The number of measurements located within a map pixel can be enormous, so before 
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performing any method for interference maps construction, the median value from all measurements 
are computed. This procedure (i) filters out the data which values are far from expected values and (ii) 
fuses data which decreases the complexity of the method for computation of the interference map. The 
data fusion by calculating mean value of measurements may lead to erroneous results in the case the 
number of measurement is low, and some measurements are far from others. This may happen if the 
RF-REM for rural area is calculated and one terminal measuring signal level is located in the 
building’s cellar, while others are located outdoors. After data fusion, a method to construct RF-REM 
is performed. 

 

Figure  4—4 The RF-REM construction procedure 

The RF-REM construction methods can be classified into (i) direct methods applying interpolation, (ii) 
indirect methods utilizing transmitter location and propagation modelling, and (iii) hybrid methods 
which combine both approaches. When the direct method is applied for RF-REM construction the 
RSSI type of measurements should be used for RF-REM construction, because the RSSI measurement 
contains the signal, interference and noise. While for indirect and majority of hybrid methods, the 
location of the receiver is detected first, and after that using propagation modelling is applied to 
calculate RF-REM, the measurements providing received power for particular transmitter should be 
applied. In the case of UMTS system this is the RSCP and RSRP for the LTE system. If the GSM 
network is designed according to this recommendation (GSM Rec.05.05), the level of interference 
compared at the received signal is lower than 9 dB, thus RSSI can be applied for construction of RF-
REM also by indirect method. 

4.2 Methods for RF-REM construction 

In this section we will review the most often used RF-REM construction methods, namely direct, 
indirect and hybrid methods.  

The direct RF-REM construction methods apply the interpolation to estimate signal levels at the map 
pixels without measurements. The process is schematically depicted in Figure  4—5. The left image in 
Figure  4—5 shows that the positions of measurements and the values of signal level. After the 
interpolation process the values of signal level are estimated for all pixels in the map, shown on the 
right part in Figure  4—5. The spatial interpolation methods can be grouped into local neighbourhood 
methods, geostatistical and variational interpolation methods [20]. The local neighbourhood methods 
assume that the influence of the spatial pixel fades with distance. The geostatistical interpolation 
extends straightforward spatial methods with statistical modelling, while the variational methods try to 
make transition from pixel to pixel of the map as smooth as possible. The most widely applied 
interpolation methods for RF REM construction found in the literature are: inverse distance weighted 
(IDW) [20] [21], nearest neighbours (NN) [20] [21], splines [20] [21], natural neighbours (NNI) [20] 
[21], and modification and derivation of mentioned methods, such as Modified Shepard’s (MSM) 
method in [20] [22], Gradient plus Inverse Distance Squared method (GIDS) [20] [21], and Kriging 
[20] [21]. Among these, Kriging is the most common, since it is a geostatistical best linear unbiased 
estimator that yields a zero mean residual error and minimizes the error variance. 
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The accuracy of the direct method depends on number of measurements and its spatial distribution. If 
more than one measurement exists within one pixel, the median value of measurements in a pixel is 
applied for interpolation. The median value represents the most probable value within a set. The direct 
methods give good results within the region of measurements, while outside of measurement region 
the direct methods are prone to errors. The accuracy of direct methods is increased by increased 
number of measurements. Uniformly distributed measurements in a region of interest, gives better 
results than clustered measurements.  

 

Figure  4—5 Direct RF-REM construction principle. 

The indirect RF-REM construction methods estimate the unknown parameters of transmitter, such as 
location, altitude, antenna type, antenna azimuth and tilt, antenna height above ground level, transmit 
power making and apply radio propagation models for constructing RF-REM. The procedure is 
schematically depicted in Figure  4—6. In the case of many transmitters, these methods can be 
computationally more complex and they are not as common as the direct methods. Nevertheless, they 
can be efficiently used to describe the RF coverage more realistically, especially in long term 
information REM scenarios where the RF-REM construction time is not of such great importance as in 
the short term information REM scenarios. 

The main drawback of the indirect RF-REM construction methods lay in non-calibrated radio-wave 
propagation model to particular radio environment and mis-estimation of the transmitter parameters. 
The indirect methods require less measurements compared to direct methods to achieve expected 
accuracy of the RF-REM. However, the indirect methods are sensitive to measurement errors due to 
interfering signals from neighbouring transmitters. The high number of transmitters in a region may 
considerably increase the direct method complexity, and decrease it reliability. In addition the 
propagation models require some GIS data, which may be changed in disasters. For example, the 
floods, big forest fires, avalanches and volcano eruptions may significantly distorts the earth surface 
and consequently radio wave propagation environment,  
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Figure  4—6 Indirect RF REM construction principle. 
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4.2.1 Inverse distance weighted (IDW) interpolation 

The inverse distance weighted (IDW) interpolation [21] is a direct method. It assumes that signal 
spatial samples which are close to each another, are more alike than those which are farther apart. The 

interpolated values signal values �����, �� at particular map pixel is calculated as a weighted average 

of measured signal values �� , at the locations ���, ���  which surrounds the location ��, �� . Each 

measurement �����, ��� is weighted with the weight ��  calculated as the inverse of the distance �� 
between the locations ��, �� and ���, ��� and raised to the power �. The value of �, which can be any 
real number, controls the influence of measurement with decrease. If p is equal to 0, the weights’ 
values are one and there is no decrease of measurement influence appears. The IDW weight as a 

function of distance d is illustrated in Figure  4—7. Typical values of p are 1 and 2. When � is equal to 

1, the interpolation is called inverse distance weighted, while � equal to 2 yields the inverse distance 
squared weighted (IDW2) interpolation. The IDW method is summarised by ( 1 ) and ( 2 ). The IDW 
interpolation is sometimes referred as a Shepard’s method. 

 ����x, y� � ∑ "#��,$�%#��#,$#�	&#'(∑ "#��,$�&#'( , ( 1 ) 

 ����, �� � )*#+. ( 2 ) 

p = 1

wi
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Figure  4—7 IDW weight as a function of distance and power p. 

IDW interpolation method for RF-MAP construction is analysed in [20] [23] [24] [22] [25] [26]. 

4.2.2 Nearest Neighbour (NN) Interpolation 

The nearest neighbours (NN) interpolation method is a computationally efficient direct method with 
limited accuracy [21]. The method predicts the value of signal level at the pixel without measurements �����, �� based on a measured value of the nearest pixel. The value of the signal level at the pixel 
without measurements is equal to the value of the measured signal level at the pixel which Euclidean 

distance �� is the smallest: 

 	����x, y� � min*# ����� , ��� , / � 1, 2,3, … ,4	 ( 3 ) 
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There exists two approached to efficiently implement this method. A straightforward option is to 
calculate Euclidean distances between pixel without measurement and pixel with the measurements, 
and select the measurement with the minimum Euclidean distance. An alternative approach is to use 
methods for constructing Voronoi diagrams [27], also known as Dirichlet tessellations, which define 

the regions in which all locations adopt the same signal level ����� , ���. The method is depicted in 
Figure  4—8. The NN interpolation is studied in [24] [26] [28] [29] [30]. 

 

Figure  4—8 Example of Voronoi diagrams created from spatially distributed signal measurements for the 
nearest neighbour interpolation. 

4.2.3 Natural Neighbour Interpolation (NNI) 

The natural neighbour interpolation [21] is a direct method. It estimates the signal value �����, �� at 

location ��, �� as a weighted average of 5 from 4 available measurements �� at locations ���, ���. 5 

measurements used at interpolation is natural neighbours of the location ��, �� . The natural 
neighbourhood as well as interpolation weights are calculated from the Voronoi diagrams. The natural 

neighbours are obtained by drawing a new Voronoi diagram for interpolating location ��, �� 6%78. The 

measurements, which Voronoi diagrams overlap with Voronoi diagram of interpolating point 6%78 are 

natural neighbours of this point. The method is depicted in Figure  4—9. In particular, polygons V_i, 
i=1,…,K, K=5 represent the natural neighbourhood of the interpolating location (x,y) and signal 

measurements Pi, i=1,…K, are the corresponding natural neighbours. The overlapping areas 9� of the 

new polygon 6%78 with polygons 6� are called local coordinates of the natural neighbourhood. The size 

of overlapping areas 9�  normalized by the size of 6%78  represents the interpolation weight for the 

measurement i. The sum of weights is equal to one. The procedure of calculating weights, and signal 
level is described by equations ( 4 ) and ( 5 ). 

 ����x, y� � ∑ ����, ������� , ���:�;) , ( 4 ) 

 �� � <�=>78∩=#�<�=>78� � <�@#�<�=>78�, ( 5 ) 
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Figure  4—9 Eexample of Voronoi diagrams created from spatially distributed signal measurements for the 
natural neighbour interpolation. 

4.2.4 Spline method 

The Spline method is a direct method [21]. It is also known as Radial Basis Function (RBF) and 

“rubber sheeting”. It estimates the signal value ��� at the location ��, �� by using piecewise defined 
polynomials called splines, whose coefficients are calculated so as to guarantee a global smoothness. 
Polynomials are fitted to a small number of data points exactly. The places where the pieces join are 
called knots. The choice of knots is arbitrary and may have a dramatic impact interpolation error. The 
most common splines are linear, quadratic and cubic polynomials. The linear splines simply involve 
forming the consecutive signal values through straight lines between the signal measurements. The 
quadratic splines go through consecutive measurements whose first derivatives of two splines are 
continuous at interior points, while the cubic splines produce interpolated signal values that are 
continuous through to the second derivative. The spline interpolation for RF-REM construction has 
been studied in [20] [23] [24] [31]. 

4.2.5 Modified Shepard’s interpolation (MSM) 

The MSM method considered in [20] [22] is a direct method, which applies an enhanced inverse 
distance weighted interpolation based on multivariate functions for local approximation. These 
functions are known as nodal functions. The most common nodal functions are of a quadratic form 
[32], while the linear form has proved to be more appropriate in the case of RF-REM construction [20] 
( 6 ).  

 A/�x, y� � B/�� C �/� D E/F� C �/G D �/F�/, �/G, ( 6 ) 

where the coefficients minimize ( 7 ) 

 ∑ HB���I C ��� D E���I C ��� D �����, ��� C �I��I , �I�J�I���, ���);	�	K:�LI	 , ( 7 ) 

where the weight are calculated by   

 �/��, �� � MN�O� C �/�/�O��/�Q0 						�/SO��/TO�. 
( 8 ) 

where rw is a radius of the influence about node (xi,yi) and di is the Euclidean distance between (x,y) 

and (xi,yi). 
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The estimated signal value ���  at the location ��, �� is estimated as a weighted average of nodal 

functions’ values A���, ��, / � 1,… , 5, defined for locations of 5 measurements within the influence 

area limited by the radius O" 

 �O��x, y� � ∑ �/��,��A/��,��5/�1∑ �/��,��U/�1 . 
( 9 ) 

For instance, in scenario depicted in Figure  4—10 only two measurements are considered, namely �) 

and �V . The coefficients of nodal functions A�  are estimated from the measurements within their 

influence areas of location ���, ��� limited with the radius OW by fitting individual nodal functions of 
the same type to all measurements within the individual influence areas using the least squares 
method. For example, in the case of measurement �) the nodal function is fitted to measurements �), 

and �X, while in the case of measurement �V it is fitted to measurements �V, �Y, and �X. The behaviour 

of the interpolation is controlled by the radii O" and OW which can be fixed or variable. The fixed radii 
are selected according to the desired interpolation smoothness while the variable radii are usually 
defined by equations, which take into account the number of all available measurements, the 
maximum Euclidean distance in the measurement set and the expected number of measurements in 
both influence area types [33]. 

 

Figure  4—10 An example of spatially distributed signal measurements for the representation of the modified 
Shepard's method. 

4.2.6 Gradient plus inverse distance squared method (GIDS) 

The gradient plus inverse distance squared GIDS method is a direct method proposed by Nalder and 
Wein [34] in 1998. It combines the multiple linear regression and inverse distance square weighted 

interpolation and incorporates elevation as a covariate. The estimated signal value ��� at the location ��, �� is estimated as  

 �O��x, y� � ∑ �/D[���C�/�D[�F�C�/GD[\�\C\/��/24/�1 ∑ 1�/24/�1 , 
( 10 ) 

where di is Euclidean distance between location ���, ���  and ��, �� , and [�, [$, []  are regression 

coefficients for orthogonal axis X, Y and Z obtained by fitting the linear regression model to N closest 
signal measurements in the least square sense and estimates x, y and z gradients of the radio signal. 
The method has been studied for RF-REM construction in [22] [35]. 
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4.2.7 Kriging method 

The Kriging method, geostatistical direct method, [36] is a weighted average interpolation technique 
( 11 ), 

 ���∗ ��, �� � ∑ ����, ��H����� , ��� C _���� , ���J�̀;) D 	_��, ��, ( 11 ) 

where ���∗ ��, ��  is estimated signal level, �����, ��  is actual signal level at point (x,y), wi(x,y) is 
Kriging weights, m(x,y) is the mean value at location (x,y) and Pi(xi,yi) is the measured value at 
location (xi,yi). The Kriging method determines the weights by minimizing the error variance of the 
general Kriging linear estimator [36] ( 12 ),( 13 ) 

 aBO����∗ C ���� � bN∑ ����, ��H�� C_�J�̀;) D 	_ C ��� QV, ( 12 ) 

 aBO����∗ C ���� � cc�d�I
`

I;)
`
d;) edI D eff C 2c�dedg`

d;) , ( 13 ) 

   

where edI is the covariance between measurement Pl at location (xl,yl) and measurement Pk at location 

(xk,yk). The covariance coefficients edf denotes the covariance between measurement Pl at location 
(xl,yl) and interpolating value Pk. The Kriging method takes into account both, the distances and the 
degree of influence between the signal measurements when estimating the signal level Prx at a location 
(x,y). The Kriging weights are determined using semivariance( 14 ), ( 15 ) and semivariograms. 

 e�h� � )VaBOF�����, ��� C �����ij , ��ij�G. ( 14 ) 

 

 e∗�h� � )Vk∑ H�����, ��� C �����ij, ��ij�Jk�;) V
. ( 15 ) 

A plot of semivariance e∗�h� against distance h is known as the experimental semivariogram and 
determines the correlation between two measured values and distance separating those two 
measurements by using a variogram analysis [36]. For example, if there are N available measurements, 
there are M=N(N-1)/2 measurement pairs can be formed and for each the separation or lag distance h 
and a semivariance γ can be calculated. The mathematical function l�h� can be fitted to the empirical 

semivariogram. The function have three characteristic parameters, namely, m/nn , 4oppqr  and the sBtpq . Nugget denotes the semivariogram value at distance smaller than the standard sampling 
spacing. It represents the sampling residual error. Still is the upper limit of the semivariogram. Range 

it the distance at which semivariogram reaches the Still. Now, by using fitting function l�h�, the 

semivariogram value for any distance can be calculated. The semigvariogram fitting to function l�h� 
is illustrated in Figure  4—11. The fitted function is applied to calculate covariance coefficients. After 
minization procedure of equation ( 13 ), the ordinary Kriging coefficients are obtained ( 16 ). 

 u�)v:⋮�:v:x y � ue)) ⋯ e): 1⋮ ⋱ ⋮ ⋮e:) ⋯ e:: 11 ⋯ 1 0y
|)

}e)f⋮e:f1 ~. ( 16 ) 
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Figure  4—11 The empirical semivariogram with the fitted mathematical function. 

 

There exist several Kriging implementations (simple, ordinary, Kriging with a trend, block Kriging, 
fractional Kriging, dual Kriging) [37]. Mostly applied for RF-REM estimation are simple and ordinary 
Kriging. The simple Kriging considers all available measurements to estimate semivariogram, while in 
ordinary Kriging only measurement within a window centred at (x,y) is considered. The local 
neighbourhood is determined by the Range of the semivariogram. The 5  closest measurements 

surrounding the location ��, ��  with separating distances up to the range are retained for the 
interpolation, while those with distances larger than the range are discarded.  

The method has proposed for RF-REM construction in [35], [23] [24] [22] [25] [26] [38]. 

4.2.8 LIvE method 

The indirect method LIvE [26] first estimates the Tx location and power of Tx taking into account the 
propagation channel properties and then uses the estimated values for the RF REM construction. It 
assumes that the propagation known channel parameters of the operating area, such as the path loss 

exponent factor �  and the path loss correction factor PL0, are known. If there is no noise and 
interference in the measurements then the received power at MCD locations (xi,yi) can be estimated by 

( 17 ), where ���� is average received power, Ptx is the transmit power and ����� , ��� is the distance 

between the location of the Tx and i-th MCD. After short derivation ( 17 ) results in yields ( 18 ). The 
equation can be rewrite in the matrix form �Θ � E. The matrix and vectors are specified in ( 19 ), 

where �V � �V D �V and (x,y) is the location of Tx. In a matrix form Equation (8) can be rewritten in 

a matrix form as (9) to represents a problem AΘ≈ b, where A, Θ, and b are depicted in (9). 

 ���� � ��� C ��f C 10� log)f ����� , ���. ( 17 ) 

 ��V D ��V � 2��� D 2��� D 10>�8�>���>78#�� C �V. 
( 18 ) 

 

� �
��
��
�� 2�) 2�) 10�>���>78(�� C12�V 2�V 10�>���>78��� C1⋮ ⋮ ⋮ C12�`��� 2�`��� 10�>���>78&����� C1��

��
�� , Θ � u ������10>�8���V

y,.	E � u �) D �)�VV D �VV⋮�V̀ D �V̀y 
( 19 ) 
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The unknown receiver transmitter parameters are contained in vector Θ and can be estimated by using 
least square method  

In our study, the problem is solved by using least squares method to obtain θ & (10). The estimation of 
signal level on individual RF RF-REM location (x,y) is subsequently calculated according to (11). The 
estimation of signal level on individual RF-REM location ��, �� is subsequently calculated according 
by ( 21 ). 

 �� � argmin‖�Θ C E‖ ( 20 ) 

 ���� � ��� C ��f C 10� log)f ����� , ���. ( 21 ) 

4.2.9 Self-tuning method (STM) 

The self-tuning method is an indirect method [39]. After capturing the measurements, the method first 
roughly estimates the transmitter location using any of known Tx location estimation method. For 
example in a GSM network this can be any method based on time difference of arrival. The area of 
possible transmitter locations can be large areas containing many pixels on the map. In the next step 
the optimization function consisting of transmitter parameters including the Tx location, antenna 
pattern, antenna azimuth, antenna tilt and antenna height above ground level and channel parameters 
are constructed. The estimated transmitter parameters and coefficients of the propagation channel 
model are those, which best fits to measurements in mean square error sense. The complexity of 
optimization procedure depends on the transmitter parameters to be estimated. 

The main advantage of the STM method is joint calibration of propagation model and estimation of 
the RF-REM. The main objective of the STM method is not to find the correct transmitter parameters, 
but to estimate the interference map of the particular transmitter. 

4.2.10 Hybrid RF-REM construction methods 

The hybrid RF-REM construction combines the approaches of direct and indirect construction 
methods. The general approach is to estimate rough RF-REM layer by using a direct or indirect RF-
REM construction method, and later tune the RF-REM by using advanced image techniques [28] or by 
additional measurements [40]. 

4.3 Performance evaluation of the RF-REM construction methods 

The RF-REM accuracy is measured by the RF-REM-quality metrics. The RF-REM quality metrics 
should estimate the difference between evaluated RF-REM layer and real RF-REM for each pixel on 
the map. The first problem which arises is to select real value of each pixel. If you have thousands of 
measurements per pixel this is the most probable signal level in the pixel. However, such a 
measurement set does not exist, thus in the majority of cases, the real RF-REM is assumed to be the 
output of a propagation simulation tool calibrated to set of measurements.  

In the literature three RF-REM quality metrics are usually used to compare different methods: (i) 
average root mean square error (RMSE) calculated at each map pixel as the square difference between 
the evaluated value of the RF-REM value and the real RF-REM value and that averaged over the 
whole map and different set of measurements, (ii) false alarm zone ratio (FAZR), (iii) correct 
detection zone ratio (CDZR) and missed detection zone ratio (MDZR). FAZR, CDZR and MDZR can 
be calculated by estimating following zones in RF-REM map illustrated in Figure  4—12, namely: 
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• False alarm zone (FAZ) is the area where transmission is allowed but evaluated RF-REM does 
not permit transmission, (blue area with vertical lines in this figure) 

• Missed detection zone (MDZ) is the area where transmission is not allowed, but the evaluated 
RF-REM allows transmission, (green area with horizontal lines in this figure) 

• Correct detection zone is where transmission is not allowed (CDZ-0) (blue area with net lines 
in this figureFigure  4—12); this area is detected correctly. 

• Correct detection zone (CDZ-1) (the purple in this figure) is where transmission is allowed; 
this area is detected correctly. 

 ��s� �	 ������ D [��_1 , ¡��s �	 ¡��¡�� D [��_1 [��s �	 [��_0¡�� D [��_0 
( 22 ) 

 

 

Figure  4—12 False alarm zone, missed detection zone and correct detection zones. 

The radios (FARZ, MDZR and CDZR) are calculated according to equation ( 22 ). The results are 
usually presented as Receiver operating characteristic (ROC) curves, CRZR on vertical axis and 
FARZ on horizontal axis. 

In this subsection, results of the performance evaluation for the most often used methods for RF-REM 
construction are presented.  

4.3.1 Simulation scenario 

The simulation scenario for the performance evaluation of the often applied RF-REM construction 
methods are presented in this part of the report. A rectangular real geographic area within Slovenia 
depicted in Figure  4—13 is considered for the simulations. The size of the area is 5.15 km by 6.75 km, 
and is represented by a digital elevation model with the resolution of 25 m, consisting of 9 different 
clutter categories. The reference signal levels are calculated to obtain the reference RF-REM. In the 
area we consider a single active Tx for a single channel. The Tx is positioned at the location of a base 
station (BS) operating in the 900 MHz frequency band. The BS settings provided by the mobile 
operator are taking into account: the transmit power of 39 dBm, Kathrein K739650 antenna pattern 
with 35° of azimuth and mechanical down tilt of 2°. The initial approximation of signal levels depicted 
in Figure  4—14 has been calculated down to the -120 dBm by the mobile network planning tool 
GRASS RaPlaT [41]. The propagation model has been calibrated to the drive-test measurements of the 
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mobile operator. Since the tool is calibrated, it takes into account the clutter as well as the shadowing 
based on the terrain elevation data.  Thus it can be assumed that the calculated coverage is very close 
to the most probable signal value at the pixel. Next, the reference RF-REM is sampled at random 
locations to model the participatory measurement sets. Since the reference RF REM does not consider 
the signal variation due to local multipath effects within the pixel, a random value has been 
subsequently added to the sampled signal levels obeying a Rayleigh distribution.  

 

Figure  4—13 Geographic area with 9 different clutter categories. 

 

Figure  4—14 Initial approximation of signal levels in the area. 

Since it is assumed a participatory way of obtaining measurements, rather than the directed type of 
measurements, where the REM manager sends MCD to the location, where the measurement is 
needed, the set of measurements may vary in number along with their spatial distribution. In order to 
evaluate the RF-REM construction method correctly we assume different spatial distributions of 
measurements covering the theoretical spatial distribution as well the distributions which appear in 
mobile networks.  

In the first ‘reference’ scenario measurements are uniformly distributed in the entire area of interest, as 
depicted in Figure  4—15  (A). Measurements in the second scenario are randomly distributed only at 
locations within the main lobe of the Tx antenna as shown in this figure (B). In the third scenario the 
majority (95%) of measurements were inside the main lobe of the antenna, but some of them also lay 
outside main lobe as it is illustrated in Figure  4—15  (C). The fourth and fifth scenarios depicted in 
Figure  4—16 (A) and (B) consider all (scenario A) and majority (95%) (scenario B) of measurements 
outside the main lobe of the antenna, respectively. Measurements distributions so far are not very 
realistic since the locations of MCDs are dependent on user distribution in area and consequently on 
the environment. Thus MCDs can be found in certain clutter category with higher probability than in 
the others. In this respect, for the sixth scenario shown in Figure  4—16 (C) the participatory 
measurements are distributed according to the clutter categories. The aim of this scenario is not to 



ABSOLUTE  D3.1.2

 

Dissemination Level: PU Page 43

 

simulate the real distribution of MCDs over the clutter, but rather to obtain simple clustering of 
measurements according to environment characteristics. To this end we estimate the distribution of 
measurements regarding the clutter categories and assume that measurements in water, i.e. rivers and 
lakes, and swamp areas are not available or their number can be neglected. It is assumed most MCDs 
in dense urban areas (30%), followed by urban areas (25%), urban areas without buildings i.e. mostly 
roads, (20%), suburban areas (10%), dry open land areas without special vegetation (7%), agricultural 
areas (5%), and forestall areas (3%) for other clutter categories. It can be also expected that MCDs are 
distributed differently regarding the distances from the Tx, thus for the last scenario illustrated in 
Figure  4—17. 

 

 

Figure  4—15 Distribution of participatory measurements in scenarios 1 (A) uniformly in space, 2 (B) 100% in 
main lobe of the antenna, and 3 (C) 95% in main lobe of the antenna.. 

 

 

Figure  4—16 Distribution of participatory measurements in scenarios 4 (A) 100% outside main lobe of the 
antenna, 5 (B) 95% outside main lobe of the antenna, and 6 (C) clutter dependent distribution. 

 

          

Figure  4—17 Distance distribution of mobile devices from Tx (A) and distribution of participatory 
measurements in scenario 7 (B). 
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We select the typical representative methods for RF-REM constriction to cover simple interpolation 
(IDW, IDW2), geostatistical interpolation (Kriging), indirect method (LIvE) and advanced hybrid 
method (STM). The methods were implemented in Matlab and tested using the same participatory 
measurements sets.  

Since in practice the directional antenna characteristics of specific Tx is usually unknown, for the first 
STM case we neglect it and solve linear optimization problem without optimization bounds in the least 
square sense by using the Matlab function mldivide(), as for the omnidirectional Tx case. However, for 
the second STM case, we assume the antenna and solve the nonlinear optimization problem in a 
nonlinear least squares sense. We use the function lsqnonlin() with a trust-region-reflective algorithm 
offering the usage of non-equal upper and lower optimization bounds depicted in Table  2-1. 

Parameters Af C AY are taken from [38] and £f needs to cover all possible azimuthal directions. ¤¥, �¦s, and t are extracted from antenna diagrams used by the mobile operator to cover most typical 
antennas with the horizontal patterns approximately symmetrical to boresight direction. The starting 
input parameters for the function lsqnonlin() are set according to typical values in mobile networks. 

Table  2-1Lower and upper optimization bounds for the STM 

 �f �) �V �Y 
¤¥ 

(dBi) 

�¦s 

(dB) 

£f 

(°) 
t 

Min 20 40 -20 -10 2.15 0 0 0 

Max 80 50 0 0 24.4 77.58 360 100 

 

The clutter loss information is read from the clutter database of a mobile operator, the diffraction loss 
is calculated from digital elevation model, Tx height is set to average BS height of 20m, while typical 
receiver height of 1.5m above the ground level is considered for the MCDs. For the area of possible 

Tx locations § we took all locations falling within the 100 m radius around the real BS, for which we 
calculated the reference signal levels, since localization methods in mobile networks already promise 
such accuracy [36]. 

4.3.2 Simulation results 

The performance evaluation of the methods with uniformly distributed measurements in the area are 
plotted in Figure  4—18. The results show that the IDW and LIvE methods have similar performance, 
while the IDW2 outperforms both. The performance of Kriging is comparable to the performance of 
IDW2: it is slightly worse, if the number of measurements is below 300, and better, when more 
measurements are considered. STM without considering the antenna pattern (i.e. assuming 
omnidirectional transmission) in general outperforms other methods up to approximately 300 
measurements, while it is outperformed by IDW2 and Kriging, when more measurements are 
available. If estimating the antenna pattern, STM notably outperforms all other methods for any 
number of measurements. 
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Figure  4—18 ����¨̈ ¨̈ ¨̈ ¨̈ ¨  and 95% confidence interval versus number of uniformly distributed participatory 
measurements. 

Figure  4—19 depicts the performance of investigated methods when all measurements are within the 
main lobe of the Tx antenna. Comparing the results in Figure  4—19 and Figure  4—18 significant 
performance degradation is observed for all methods. The performance of Kriging method is similar to 
IDW2 and IDW, while LIvE performance is slightly better and up to 50 measurements comparable to 
both STM implementations. If more measurements are available, STM with the antenna outperforms 
all other methods. Slightly better algorithm performance is achieved when at least some of the 
investigated measurements are available outside the main lobe of antenna. Figure  4—19 (B) shows the 
performance of investigated methods, when majority of measurements, i.e. 95 %, are still in the main 
lobe of the Tx antenna. In this case IDW shows the worst performance, followed by IDW2. LIvE is 
better or similar to STM without estimating the antenna and up to approximately 70 measurement 
values it is better than IDW, IDW2 and Kriging. When more measurements are available, Kriging 
prevails. Regardless of the number of measurements the STM method with estimating the antenna 
shows the best overall performance. 
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Figure  4—19 ����¨̈ ¨̈ ¨̈ ¨̈ ¨ and 95% confidence interval versus number of measurement for (A) all and (B) 95% 

measurements in the main lobe of Tx antenna. 

 

 

Figure  4—20 ����¨̈ ¨̈ ¨̈ ¨̈ ¨ and 95% confidence interval versus number of measurement for scenarios (A) all and (B) 
95% of measurements outside the main lobe of Tx antenna. 

 

Figure  4—20 depicts the performance of the investigated methods when all (A) and (B) when 95% of 
the measurements are distributed outside the main lobe of the Tx antenna. These results are very 
similar to the results at the scenario with randomly distributed measurements, but with a clearly larger 
confidence interval at smaller size of the measurements sets. In addition, the Kriging method 
outperforms IDW2 when approximately 100 and 150 measurements are available. The STM method 
without estimating the antenna pattern performs well for low number of measurements, while when 
more than 300 measurements are available it is outperformed by Kriging and IDW2 methods. 
Similarly as in previous scenarios, STM with estimating the antenna is again notably better than other 
considered methods. 

The results in Figure  4—21 show performance comparison of the investigated methods for 
measurements being distributed in clusters according to clutter categories in the area of interest. The 
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IDW, LIvE and Kriging methods are similar up to 200 measurements, when the performance of 
Kriging starts to improve and becomes comparable to the performance of IDW2 and STM without 
considering the antenna at approximately 1000 measurements. If less than 200 measurements are 
available, the IDW2 and STM methods, without considering the antenna, are better than Kriging, 

while the STM with considering the antenna demonstrates the smallest s¡mb¨̈ ¨̈ ¨̈ ¨̈ . 

 

 

Figure  4—21 ����¨̈ ¨̈ ¨̈ ¨̈ ¨ and 95% CI versus number of participatory measurements distributed in clusters according 

clutter categories. 

The simulation results for the scenario when random positions of measurements from Tx are obtained 
with respect to real mobile traffic traces are depicted in Figure  4—21. They reveal that IDW has the 
worst performance, and LIvE is better than IDW2 and Kriging up to 70 available measurements, while 
for higher number of measurements Kriging prevails, In this case STM without the antenna is better 
than all other methods up to 600 available measurements and STM outperforms other methods 
regardless of number of measurements. 
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Figure  4—22 ����¨̈ ¨̈ ¨̈ ¨̈ ¨  and 95% CI versus number of participatory measurements spatially distributed with 

respect to distance from Tx. 

The analysis of the RF-REM construction reveals that its accuracy is highly dependent on the number 
of measurements and its spatial distribution. The poor performance of direct methods is observed for 
low number of measurements, and when measurement is clustered in one cluster, i.e. appears mainly 
in the main antenna lobe. No improvement of method performance is observed for clustered 
measurements even the number of measurement is increased. If the measurements are located only in a 
fraction of the area, the direct method gives good estimate of the signal level in this area, while outside 
this area, the signal estimation is inaccurate using relaying of extrapolation principle. The estimation 
of the transmitter position, when measurements are clustered in one cluster is poor, which also leads to 
poor estimated accuracy or RF-REM. However, the accuracy of method is significantly improved, if a 
small number of measurements appear outside of the main antenna lobe. These facts lead to 
conclusion, the spectrum sensors or MCDs have to sense (i) the signal from serving transmitter, in this 
case they are presumably in main antenna lobe, and (ii) the signal from non-serving transmitter, in this 
case they are outside main lobe of antenna. When more than one cluster of measurements appears, and 
the clusters are uniformly distributed around transmitter, the RF-REM accuracy is close to the 
accuracy obtained for the uniformly distributed measurements in an area around transmitter.  

In the performance analysis it has been observed that the standard indirect method such as LiVE, does 
not take into account antenna pattern of the transmitter, its tilt and azimuth, which leads to its poor 
performance even at high number of measurements. The STM method, which includes also the 
antenna pattern, antenna azimuth estimation significantly outperform other analysed methods. 

Analysing confidence interval in the results plotted from Figure  4—18 to Figure  4—22 reveal that at 
low number of measurements the confidence interval is relatively wide, and the confidence intervals 
of different methods overlap. This indicates that the performance of the method highly depend on 
spatial distribution of measurements used to calculate the RF-REM. The confidence interval is shrunk 
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at high number of measurement, which suggests using all available measurements for RF-REM 
construction. 

The spectrum sensing in multi-cell single frequency network, such for example UMTS and LTE 
network requires some additional discussion for better decision about the RF-REM construction. Let 
assume Lc cells in the network which are observing. Applying the indirect method, i.e. estimating the 
cell parameters and then applying propagation model to calculate RF-REM, the signal measurement, 
which estimate the signal level from the particular cell have to be applied to determine cell parameters, 
for example RSRP or RSCP in LTE and UMTS networks respectively. The procedure has to be 
repeated Lc times, once for each cell influences the area of interest. This requires a spectrum sensing 
devices, which log on mobile network and estimates this parameters. The construction of RF-REM 
layer using indirect method, the RSSI-type of measurement is sufficient, and all measurements in an 
area at the same frequency may be applied to estimate RF-REM layer. However, additional methods 
are necessary, if the parameters of the base stations want to be estimated. Limited set of the cell 
parameters, Tx position, antenna pattern, antenna azimuth, can be estimated by advance image 
processing technique, assuming RF-REM as an image [28] [40]. 

The computational complexity of the RF-REM construction methods are very important parameter for 
comparison of the methods. The computational complexity is closely related to how fast the RF-REM 
is calculated. The computational complexity depends on number of measurements N, the number of 
pixel in REM to calculate the signal level M and Lc is the number of cells influence the area. The 
computational-time complexity of IDW and IDW2 methods is ©�¡4�  [35]. If there are 5  of 4 
measurements in local neighborhod window for ordinary Kriging interpolation the computional-time 

complexity of ordinary Kriging method is ©�¡4V� [35]. The computational-time complexity of LIvE 

method is ©�ª«¡4Y�, or ©�ª«¡4V.Y¬� by using Coppersmith-Winograd algorithm [26]. Since the 
STM construction considering omnidirectional antenna solve linear optimization problem, which 
dominates the complexity with involving the matrix inversion, its computational-time complexity is 
the same as of LIvE. If the STM considers also the antenna pattern and its azimuth, the computation 
complexity mainly depends on the selection of optimization algorithm and its implementation. The 
computational complexity for majority of methods is linearly dependent on number of map pixels M, 
while the different methods shown significant differences observing the number of measurements N. 
At first glance is seems the number of measurements tends to infinity, however, by fusion of the 
measurements representing all values within a pixel as the measurement median value, the N in 
general become much smaller than M. 

4.4 Selection of the RF-REM construction method for ABSOLUTE 
scenario 

In this subsection it is shortly discussed the suitability of analysed RF-REM construction method for 
the ABSOLUTE scenario. In terms of REM the ABSOLUTE radio environment can be characterised 
as follows: 

• primary network use directive antennas, 

• number of measurement N is much low compared to number of pixel on the map M, 

• measurements are distributed in clusters, 

• during the roll out phase only one cluster may exist, but during the in-operation phase the 
number of clusters will be increasing, 
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• the spectrum sensing will be performed by MCDs with different spectrum sensing capabilities. 

The number of measurements N and number of cell Lc is low compared to number of pixels on the 
map, so the computation complexity of all methods tends to ©�¡�. The requirement to consider the 
antenna pattern, its azimuth and tilt, eliminates indirect methods which do not consider this. Low 
number of available measurements at the roll out phase eliminates direct methods. Consequently the 
remaining method during roll out phase is STM. However, if the signal transmitted from the particular 
cell can be estimated, meaning the RSSI-type of measurements is performed by a wireless sensor 
network, the direct methods should be chosen. 

4.5 Implementation of REM in GRASS RaPlaT 

The REM is an intelligent database which general architecture is proposed by the FARAMIR project 
[35] is depicted in Figure  4—23. The REM consists of (i) REM manager, (ii) REM storage and 
acquisition module, (iii) measurement module and (iv) interface to the outside world. The REM 
manager is the core REM engine and is responsible for generating and maintaining REM. The REM 
storage and acquisition module consists of a database applied to store raw data or data pre-processed 
by REM manager, and engines responsible to acquire data from the measurement capable devices. The 
measurement capable devices are responsible for spectrum sensing and relaying the sensed 
information to the REM storage and acquisition module. The REM interfaces connect the REM to the 
outside world.  

The GRASS GIS software with its add on RaPlaT is a perfect software environment for REM 
implementation [42] [43]. It consists of standard database, storage system to save maps and python 
script environment to implement REM acquisition functionality and interfaces to outside world.  

 

Figure  4—23 The REM concept [35]. 
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Figure  4—24 The REM storage and acquisition module. 

4.5.1 REM storage and acquisition 

REM storage and acquisition consists of two modules, namely REM storage and REM acquisition 
(Figure  4—24). 

4.5.1.1 REM storage 

The REM storage contains GRASS MapSets, a PosgreSQL database, and ASCII files containing 
antenna diagrams.  

GRASS MapSets are applied for saving GIS information in the form of GRASS maps optimized for 
saving spatial information. The most important information already preloaded before a disaster is a 
digital elevation (DEM) map with the required resolution, maps describing the terrain usage with the 
corresponding pre-estimated levels of attenuation, maps describing man-made objects such as 
buildings, bridges and roads, background topographical maps showing all important information 
necessary for successful command and control of the rescue operations, and interference maps 
describing the radio environment before the disaster. The resolution of the maps has to be chosen to 
provide sufficient details on one hand, while on the other hand very dense maps can increase the time 
required for interference maps estimation making the whole system inefficient. 

The set of antenna patterns are given in the MSI Planet Antenna File Format [44]. This is a text format 
file containing the following information: the name of the antenna, the name of the antenna 
manufacturer, the frequency in MHz for the given antenna pattern, the opening angle in the horizontal 
plane between the -3 dB points, the opening angle in the vertical plane between the -3 dB points, the 
front to back ratio in dB, the antenna gain in dBd (when in dBi, this must be specified), the electrical 
tilt of the main beam in degrees, the antenna polarization (horizontal, vertical, +45 or -45), an optional 
comment, the horizontal gain data points per horizontal angle relative to the maximum gain being 
zero, the vertical gain data points per vertical angle relative to the maximum gain being zero. In 
practice only a subset of the above mentioned data may be used.  
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The database part of the REM storage and acquisition is implemented applying an open-source object-
relational database management system PostgreSQL. The database consists of several tables, namely 
the table of measurements, the table of locations, the table of spectrum sensing parameters, the table of 
spectrum sensors i.e. measurement capable devices, the table of transmitters, the table of transmitter 
activities, the table of transmitter activity description, the table of network operators and the linked 
table to MSI antenna files. The measured signal levels and time stamps of measurement are stored in 
the table of measurements, which contains also the links to the table of locations and table of spectrum 
sensing parameters. The table of locations consists of east/west and north/south position of 
measurements. The table of sensing parameters describes the parameters of spectrum sensing such as 
frequency and bandwidth of measurement, method of measurement and its precision, cell ID and link 
to the mobile operators and spectrum sensors table. The table of spectrum sensors holds data about the 
receivers applied for spectrum sensing such as data about antennas, type of telecommunication system, 
etc. The information about the mobile operators is kept in the operators table. The information about 
the base stations is in the table of transmitters, which includes all information required to calculate the 
interference maps namely antenna parameters, transmit power, bandwidth, carrier frequency, 
transmitter type, link to the location in the table of locations and transmitter activity table. The 
information whether a transmitter is active or not is stored in the transmitter activity table. 

In order to store the information applied for interference map calculation, a separate table is used. The 
table includes the GRASS raster file name, the signal carrier frequency, the bandwidth, the timestamp, 
the method of interference map calculation and the telecommunication system. 

4.5.1.2 REM acquisition 

The REM can acquire data from (i) other databases, for example databases of mobile operators 
describing the status of their networks, or of a spectrum regulator storing the locations of mobile 
operator base stations and (ii) measurement capable devices (MCDs) sending the sensed information 
and the device location to the database.  

In the case of a disaster, the measurement capable devices can be mobile base stations, mobile phones, 
or specially designed spectrum sensors. Mobile base stations play an important role in the roll-out 
phase of the mobile network when the initial carrier frequency and bandwidth are determined. Later 
on, the principle of distributed spectrum sensing using mobile terminals or specially designed 
spectrum sensors can be applied [45] [46]. An example of usage of a smart mobile phone as a 
spectrum sensor is given in [47]. 

An example of the screen shot of the application running on Android, performing participatory 
measurements is shown in Figure  4—25. The android application enables specifying Username to 
access to the database, where the measured information is stored and specifying the server address. 
The application can also perform measurement on the request, or periodically according to specified 
period. The measurements can be stored locally, or send to the database once by once or a block of 
measurement. The application also enables observing one or multiple cells which are in the range of 
the mobile device.  

The application send data to the database using the hypertext transfer protocol using post command. 
The format of the message is comma separated string containing following information: 

• timestamp: time stamp of measurement in the format 
� ‘day of the week’ ‘month’ ‘day’ hour:minutes:second ‘time zone’ ‘year’ 
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� Example: Tue Aug 26 15:58:47 CEST 2014 

• longitude: longitude of measurement in degrees WGS84 

� {NaN, 14.5068645} 

� Example: 14.5068645 

• latitude: latitude of measurement in degrees WGS84 

� {NaN, 46.0571195} 

� Example: 46.0571195 

• height: height of measurement in m 

� {NaN, 230.0} 

� Example: 20.0 

• loc_method: localization method 
� {NaN, GPS, NetworkBased, ...} 

� Example: GPS 

• loc_accuracy: localization accuracy in m 
� {NaN, 10.0} 

� Example: 10.0 

• tcSystem: measurement capability devices system 
� {SmartPhone, eNodeB, SensorNode} 

� Example: SmartPhone 

• rxID: receiver ID can be IMEI of mobile phone, id of eNodeB, VESNA ID 
� {NaN, 1233421} 

� Example : 353490062179144 

• measuredSystem: measured system 
� {2G,3G,4G, WiFi, DVB-T, ...}  

� Example : 4G 

• measuredValue: value of measurement in dBm or in dB 
� {NaN, -45.00} 

� Example : -109 

• measuredValueType: measured value type  
� {NaN,RSSI, RSRP, RSCP, EcNo, RSRQ, ...} 

� Example : RSRP 

• frequencyMHz: carrier frequency in MHz 
� {NaN, 900.000} 

� Example: NaN 

• bandwidthMHz: system bandwidth in MHz 
� {NaN, 5.000} 

� Example: NaN 

• operatorID: unique operator ID for mobile operator{mobile country (MCC) code and mobile 
network code MNC} 

� Example: 293+41 

• cellID: cell ID 
� Cell ID for 2G/3G/4G networks,  
� WiFi SSID for WiFi netwrorks 
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� DVB-T transmitter ID for DVB-T transmission 
� NaN for unknown transmitter ID 

� Example: 20125 

An example of text send via the hypertext transfer protocol using post command is: 

Tue Aug 26 15:58:47 CEST 2014,14.5068645,46.0571195,0.0,gps,30.0,smartphone,353490062179144, 

4G,-109,RSRP,NaN,NaN, 293+41, 20125 

 

Figure  4—25 Android application for participatory measurements. 

4.5.2 REM manager 

The REM manager consists of modules that are responsible for generation of interference maps, 
storing interference maps into the REM SA module, keeping them updated, retrieving the interference 
maps for the GRASS MapSet, and delivering them to the cognitive engine. The central module for the 
interference maps calculation is RadCov, already available in GRASS RaPlaT. Based on data provided 
by the cognitive engine request to calculate interference maps, i.e. carrier frequency and bandwidth, a 
CSV (comma-separated value) file is generated, which is the input to RadCov. RadCov calculates the 
interference map of the region. If not enough measurements are available, the second interference map 
is calculated by spatial interpolation of the measurements. When the cognitive engine determines the 
carrier frequency, bandwidth and the transmit power of the LTE base station, this information has to 
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be updated in the table of the transmitter. The basic REM manager functionality is depicted in 
Figure  4—26. 

The REM manager includes many from a conceptual point of view less important modules, such as 
modules for deleting an obsolete interference map, updating the active transmitters, backing up the 
measurement results, etc. Those modules are not discussed in this report due to their straightforward 
implementation and minor importance for understanding the concept of the REM manager. 

4.5.3 REM interfaces 

The interfaces to REM can be classified into two groups, namely (i) graphical user interfaces, applied 
for database management, entering results into the database table, viewing results of calculations, etc. 
and (ii) machine to machine interfaces, providing information exchange between different databases, 
measurement capable devices and database and cognitive engine and REM. The remote access to a 
database is achieved by using standardized SQL queries, while the interface between the cognitive 
engine and REM is a hypertext transfer protocol using post/get command. 

 

 

Figure  4—26 The REM manager. 

4.5.4 REM implementation in GRASS-RaPlaT 

 

Figure  4—27 GRASS-RaPlaT implementation of REM 
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The conceptual implementation of the REM in GRASS-RaPlaT is depicted in Figure  4—27. The 
measurement capable device senses the spectrum and sends the sensing results to REM, via the 
interface described in  4.5.1.2. The GIS data including the digital elevation model, terrain usage, 
topographic maps and data about the antennas are already pre-stored in the REM. In addition the 
tables including information about 2G, 3G, 4G and DVB-T networks are available. This data includes 
allocated frequency bands for operators, the base station locations, their antenna types, etc. Based on 
data available on sensing, the cognitive engine calculates the available frequency channels for the 
transmission. 

 

Figure  4—28 Databases implementation for REM 

An example of databases implementation for REM is depicted in Figure  4—28. The first database 
links the GIS RF-REM files with the radio parameters applied for RF-REM calculation, namely, 
carrier frequency, bandwidth, and telecommunication system, while the second one, actually contains 
measurements received from MCDs. The second database consists of following tables: 

� table measurements: contains the value of measurements 
� table locations: contains the location of measurements and transmitter 
� table mcds: contains the data about the measurement capable devices 
� table antennas: contains the link to the file with antenna diagrams 
� table measurement_parameters: contains data about the parameters of measurement such us 

parameter name and measurement unit 
� transmitters: contains parameter about the transmitter parameters, 
� operators: contains information about the mobile and DVB-T operators 
� tx-activities: contains the information about the activity of the transmitter 
� tx_status: contains the information about the description of the activity. 
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The database proposed in this report is designed assuming operation in mobile frequency band, which 
use the mobile technology independently of the allocation of the frequencies for operator. The 
database has been normalized assuming the number of measurements is large, and many of them may 
appear at the same location. The design of the database may be significantly changed, if the database 
in implemented on different assumptions. 

4.6 Conclusions 

The performance of several direct and indirect RF-REM layer construction methods is evaluated in 
this report. The method performance evaluation revealed that the direct methods are less appropriate 
for RF-REM construction at the ABSOLUTE roll-out phase, due to low number of measurements at 
this phase. Even during in operation phase the number of measurement is expected to be low and 
clustered, which leads to unreliable RF-REM layer estimation using direct methods. The direct 
methods also give less accurate results outside the region of measurements, which make this method 
less appropriate for estimation of signal level outside of measurement region. On the other hand the 
indirect methods, applying propagation models, are sensitive erroneous GIS information due to a 
disaster, for example floods may significantly affect propagation radio wave propagation, non-
calibrated propagation model, and mis-estimation of the transmitter parameters. The STM method 
offers good accuracy even at small number of measurements and in addition by calibrating the channel 
model, includes the change of the environment in RF-REM construction. 

The platform for REM implementation based on GRASS-RaPlaT open source has been proposed. The 
platform includes all functionality to implement complete REM, namely support for database, storage 
of GIS information, graphical user interface and possibility to implement REM manager. 
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5 Performance of Advanced Spectrum Awareness Techniques 

    There is a significant demand on the deployment of effectively reliable communication solutions in 
both public safety and temporary event scenarios. The key goal of the ABSOLUTE project is to 
address such use case scenarios. It is desired that the deployable system solutions proposed in 
ABSOLUTE coexist with legacy networks. However, due to limited knowledge of the radio 
environment of the legacy systems, this presents a challenge on the deployment of systems proposed 
in ABSOLUTE. The solutions proposed in ABSOLUTE have to coexist with existing networks 
without causing any unwanted interference. Thus, there is a need for enabling techniques that will 
ensure there is interference-free coexistence between the proposed ABSOLUTE systems and existing 
networks. The study of such advanced spectrum awareness techniques specifically and deeply for 
ABSOLUTE will be presented in this chapter. 

    This chapter addresses the spectrum awareness for disaster recovery by investigating opportunistic 
spectrum sensing mechanisms. The main focus will be on the in-band sensing by the MM-UEs during 
the in-service phase. Bearing in mind that the sensing functionality includes any kind of technique that 
allows the MM-UEs to gather useful radio environment information and enhance the functionality of 
ABSOLUTE system. Therefore, this chapter will address the spectrum awareness techniques from a 
localization perspective. 

5.1 Performance of Blind In-Band Localization 

As mentioned above, localization is one of the techniques that enhance the sensing functionality since 
it enables the MM-UEs to gather useful radio environment information of any system of interest. This 
section will review some of the important localization techniques in literature and subsequently 
adopting them to the use case scenario of the ABSOLUTE system addressed in this deliverable. The 
localization techniques that will be discussed address the localization in a cognitive radio (CR) 
environment but are also well suited to the aforementioned ABSOLUTE system scenario.  

5.1.1 Localization Techniques 

The localization of interfering radios (IR) during the In-Service Phase for an ABSOLUTE system is 
analogous to the localization in a CR context. As in the CR context whereby the primary user (PU) 
does not cooperate with the secondary user (SU), the IR will generally not cooperate with the MM-
UEs. This presents a challenge in localizing the IR because of limited knowledge about the IR 
parameters such as transmit power, path loss exponent and noise variance. As a result there is a need 
for a robust, accurate and range-free (blind) localization technique that does not require prior 
knowledge of such parameters. The summary of the relevant localization techniques is as follows. 

The weighted centroid localization (WCL) technique has emerged as a tool that satisfies the 
aforementioned requirements for blindly localizing radios in a CR environment and has received much 
attention in literature [48] [49]. To further improve on the localization performance, estimation of the 
parameters of the propagation model has been proposed in literature. In [50], the transmit power and 
the location of the PU were jointly estimated. The papers [51] [52] jointly estimated the PLE and 
location of the PU. In [53], the PLE, transmit power and the location of the PU were jointly estimated 
using a pattern matching algorithm. A survey in [54] presents a good classification of the localization 
algorithms used in wireless sensor networks. The techniques presented in [54] are directly applicable 
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to CR networks as well. Bearing in mind that in CR networks the PUs and SUs generally do not 
cooperate, recent research advances [55] have focused on blind localization of PUs in a CR network. 

Noting that the above localization techniques are also applicable in the ABSOLUTE public safety use 
case scenario, the results in [48], which this deliverable is based on, adopted the techniques used in [52] 
[53]. As in [48], the proposed localization technique combines the database generation method and the 
centroid and weighted centroid methods. The proposed method consists of two stages, (1) database 
generation and (2) estimation of IR position by comparing the measured received signal strength (RSS) 
with the database for finger print matching. During the first-stage, the mean-square error (MSE) 
method is used to find a close match between the actual received power and the database power and 
subsequently the IR estimates. WCL is then adopted as a fusion strategy (second-stage) to give an 
estimate of the IR. The performance of the WCL is then evaluated using the root-mean squared error 
(RMSE) and the results compared with the traditional centroid localization (CL) technique. 
Furthermore, a comparison between the performance of the proposed method and the direct CL 
techniques without involving the database is made. The following assumptions were made (1) the 
MM-UEs are each equipped with a radiometer for the detection purpose and mainly focus on how to 
exploit the measured RSS to estimate the location of the IR, (2) the PLE is known, though, the 
estimation of the PLE is derived in [48] and (3) the noise power is known and assumed to be the same. 
The following section presents the system model based on the ABSOLUTE public safety use case 
scenario. 

5.1.2 System Model 

The considered IR-MM-UEs network depicted in Figure  5—1 consists of M number of MM-UEs 

randomly distributed in a Q	x	Q square area and a single IR randomly located at a point �x¯°, y¯°� 
within the same area as the M number of MM-UEs. The system model will consider a 5 km by 5 km 

area. The location coordinate	�x±, y±�, k	 ∈ ´1, 2, . . . , M¶, of the k-th MM-UE is assumed to be known 
to every other MM-UE node while the location �x¯°, y¯°� of the IR is unknown.  

 

Figure  5—1 The IR-MM-UE Network Model 

The log-normal shadowing model is adopted as the general model for all the transmissions in the 
considered system. The MM-UE to MM-UE transmission is modelled using the log-normal model 
given as 

                                              	·�¸¹º�~¼ ½	·�¸¹º�, ¾¸¿À                                                                                (1) 
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                                               	·�¸¹º� 	� 	
Á C	Â�¸Ã� C 	ÄÃÅ ÆÇÈÄÃ�¸¹º/¸Ã�                                           (2) 

 
where ψÊ�dÌ±� is the received power in dBm at the kth MM-UE located at a distance dÌ± from the 

transmitting MM-UE i,	ψÊ�dÌ±� is the mean received power in dBm, ψÍÎ is the transmit power in dBm, ψÏ�df� is the path loss at distance  df , df is the reference distance of 1 m, α is the path loss exponent, 

and σÒÓ is the standard deviation of the shadowing component. Unity antenna gains are assumed for 
all the systems for simplicity. The presence of noise is also incorporated and as a result the considered 

noisy received power in the above equations is expressed as 

 

                                              Ô�¸¹º� � 	ÄÃ ÆÇÈÄÃ ÕÖ×ÄÃ	·F¸¹ºGÄÃ D ØÙ�Ú                                                          (3) 

 

where n	denotes the zero mean additive white Gaussian noise (AWGN) with noise power ÛÜV  . 
Similarly, we model the IR to MM-UE transmission as in the MM-UE to MM-UE transmission case 

but with df± and ψÍ̄°	substituted for dÌ± and ψÍÎ in the above equations, respectively. Figure depicts 
the IR-MM-UE network model. 

5.1.3 Proposed Localization Technique 

As mentioned earlier, a two-stage localization strategy is employed. The first stage consists of a 
database creation which stores the mean received power levels and the second stage consists of 
fingerprint matching of the received IR signal power to the database and hence making an estimate on 
the IR position. The MSE-based matching technique is used to match the actual received power with 
the mean received powers in the database and consequently obtaining the IR estimates in the second 
stage once every MM-UE estimates its own IR position by matching the received signal power from 
the IR to the database then the estimates are reported to the AeNB (or PLMU). The AeNB (or PLMU) 
then fuses all the received IR locations estimates from all the M MM-UE nodes and uses the CL and 
WCL estimation methods to come up with a final estimate for the pair �x¯°	, y¯°�. The subsequent 
sections will illustrate the two-stage localization process in detail. 

5.1.3.1 Database Creation and Power Matching Technique 

The database consists of mean received power values between IR grid positions and MM-UE locations. 
The considered Q Ý Q area consists of Z number of grid positions with a spacing of	∆. Based on this 
grid model, a fingerprint of received signal strengths from every grid position in the region to every 
MM-UE for various transmit power levels is generated. This then leads to the formulation of a 
database with a set of fingerprint received signal strengths as explained below. The distance lÌ± 

between the i-th grid position and the k-th MM-UE, with i	 � 1, 2, … , Z	is defined.  

The database, as described in Figure  5—2, is then populated with a set of computed values for the 

mean received power levels	ψÊ�i, j, k�  assuming a range of transmit power levels ψÍá  with j	 �1, 2, … , L. Note that the random shadowing effect is not considered in the database but only the mean 

received power for a given α is considered. The mean received power is obtained as follows. 
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                                     		·�¹, ã, º� 	� 	
ã C		Â�¸Ã� C ÄÃÅ ÆÇÈÄÃ Æ¹º ¸Ãä                                                              (4) 

 
where ψÊ�i, j, k�	is the mean received power in dBm at the k-th MM-UE located at a distance lÌ± from 

the i-th IR grid position, ψÍá is the j-th transmit power in dBm, ψÏ�df� is the path loss at distance df , df is the reference distance of 1 m, α is the PLE. Figure  5—2 depicts the corresponding database. 

Once the actual power ψ±		�df±� at the k-th MM-UE, where df±	the distance between the transmitting 
IR 0 and the k-th MM-UE, is received during the online phase, a database entry that closely matches 
the actual received power is obtained using the MSE-based matching technique given as 

 

                                          	æ ·�¹, ã, º� � �Ô�¸Ãº� C 		·�¹, ã, º���                                                                           (5) 

 
It should be noted that since there is a database for each and every MM-UE, there will be multiple 
estimates of the IR location i.e., given M number of MM-UEs, the matching technique will output M 

estimates of the IR location. Moreover, the database entries �i, j�	for the k-th MM-UE may not always 

have a unique value for the received power ψÊ	considering the log-distance path loss model which 
gives us estimation errors (i.e. fingerprint matching errors). The performance of the proposed method 
is analysed later in the subsequent sections. 

   Distance 

l1k l2k … lZk 

	
Ä ψÊ (1, 1, k) ψÊ (2, 1, k) … ψÊ (Z, 1, k) 

	
� ψÊ (1, 2, k) ψÊ (2, 2, k) … ψÊ (Z, 2, k) 

⋮ ⋮ ⋮ ⋱ ⋮ 
	
Â ψÊ (1, L, k) ψÊ (2, L, k) … ψÊ (Z, L, k) 

Figure  5—2: Database with mean received powers 

 Centroid Localization Techniques 

The estimation strategy employed in Section  5.1.3.1 will result in multiple estimates of the IR location. 
Hence, there is a need for a fusion strategy to give a single IR location estimate. To achieve this, two 
commonly used fusion techniques are adopted. The first technique is the CL which simply averages 
the coordinates of the multiple estimates obtained in Section  5.1.3.1. The CL technique estimates the 
location of the IR as follows 

 

                                 �èé��, êé��� � ë∑ è��ºìº'Äì , ∑ ê��ºìº'Äì í                                                                          (6) 

5.1.3.2
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where M is the number of IR location estimates, Fx¯°± , y¯°± G is the coordinate of the estimated IR 

location resulting from the use of the k-th MM-UE database. The second approach is the power-based 
WCL which directly uses the received powers as the weighting coefficients. For each estimated 

location, the corresponding estimated received power		ψæ	�df±�, k	 � 1, 2, … ,M is obtained and used as 
the weighting coefficient	w±	. The WCL technique estimates the location of the IR as follows  

                                  �èé��	, êé��� � ë	∑ ðº	ìº'Ä Ýè��º∑ ðºìº'Ä 	 , ∑ ðº	ìº'Ä Ýê��º∑ ðºìº'Ä í                                                             (7) 

        
where w±  represents the weighting coefficient for the Fx¯°± , y¯°± G  coordinate of the estimated IR 
location, resulting from the use of the k-th MM-UE database. 
 

5.1.4 Simulation Results 

The RMSE of the IR location estimate is derived for a varying number of randomly distributed MM-
UEs in a 5km by 5km square area. The shadowing standard deviations σ	 � 2	 dB and σ	 � 6	dB, the 
noise power σòV �	C110	dBm, the true path loss exponent	α	 � 3, and the transmit power ψÍ̄°	 �23	dBm.  For each set of a number of MM-UEs and a fixed IR, N = 1000 iterations are performed, 
where in each iteration the MM-UEs are randomly placed and the IR location estimate using the CL 
and WCL, respectively, is obtained. 
 

 
Figure  5—3: Localization Performance of Proposed Database-Centroid Scheme and Pure Centroid Schemes for � � �	dB, 		
�� � � dBm. 

Figure  5—3 and Figure  5—4 depict the plot of the RMSE against the number of SUs for a 5 km by 5 
km area and Û � 2 dB and Û � 6 dB, respectively. The proposed database-centroid scheme performs 
better than the pure CL and WCL estimation techniques. The proposed localization technique has a 
significant improvement in the location error as compared to the pure CL and WCL estimation 
techniques. The RMSE of the estimated IR location decreases with increasing number of MM-UEs. 
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Figure  5—4: Localization Performance of Proposed Database-Centroid Scheme and Pure Centroid Schemes for � � �	dB, 		
�� � �	dBm. 

 

5.1.5 Remarks on Blind Localization 

This work proposed a localization technique for IR in an ABSOLUTE public safety use case scenario. 
The proposed localization scheme combines the database and centroid techniques. In particular, the IR 
localization is treated as a two-stage localization process where in the first phase the database 
technique is employed to obtain multiple IR location estimates. The centroid techniques are then 
employed in the second phase to come up with a final IR location estimate. The location error in terms 
of the RMSE is evaluated in order to analyse the performance of the proposed scheme under varying 
number of MM-UEs. A comparison is made between the proposed scheme and the pure centroid 
localization techniques. It is evident from the simulation results that the proposed scheme has a 
significant improvement in the localization error. 

 

5.2 Multiple Antenna Based Spectrum Sensing 

The secondary user (unlicensed user) shares the spectrum with the primary user (licensed user), 

without any harmful interference to the primary user. This is achieved by sensing the environment to 

identify whether the primary user signal is present or not. In this report, multi-antenna spectrum 

sensing has been presented to detect the presence of the primary user. 

The spectrum sensing is not always guaranteed and the primary user signal may not be detected due to 

the severe fading in the channel [57].There exists small scale fading as well as large scale fading 

(shadowing) in the channel due to which reliable detection may not occur. For this reason multi-

antenna approach is considered for a cognitive radio. At the receiver antennas, equal gain combining, 

maximum ratio combining and selection combining have been used to process the signals [57]. 

Among the many methods for spectrum sensing such as matched filter, cyclostationary detection, 

energy detection has been the most popular method. The processed signal output is compared with a 
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detection threshold. If the output exceeds the threshold, primary user is said to be present else it is 

absent. 

The main aim of this chapter is to present the problem of detecting a primary user using multiple 

antennas for the cognitive radio (the secondary users).  

5.2.1 Literature review 

In [57], a GLRT based detector has been designed which uses multi-antenna configuration for 

spectrum sensing. The derived GLRT depends on the received signal’s energy information as well as 

the antenna correlation information [57]. It has been presented in [57] how antenna correlation 

improves the detection performance for a GLRT detector.  

In [59], a GLRT based detector has been proposed which also takes into account space time coding 

(STC) counteracting the fading effects by achieving spatial diversity. Chernoff bound and 

information- theoretic approaches have been used for code construction, both leading to the same 

solution [59]. Closed form expressions have been derived for probability of detection and probability 

of false alarm to detect the performance of the GLRT detector. In this project, as a simple design has 

been proposed for multi-antenna radar detector, the transmitted signals are considered to be frequency 

division multiplexed. 

Papers [60] and [61] have focused on designing the GLRT based detectors using multiple antennas for 

spectrum sensing. Here the channel and the noise variances have been considered as unknown 

parameters and their maximum likelihood estimates have been derived as function of eigenvalues. The 

eigenvalues are obtained using eigenvalue decomposition of the sample covariance matrix of the 

received signal and the GLRT has been computed as a ratio of the maximum eigenvalue to the sum of 

eigenvalues. In [61], a GLRT detector for unknown channel gains has been derived as one case and 

unknown channel gains and primary user variance as the second case. For both cases the GLRT has 

been computed in terms of eigenvalue of the covariance matrix of the received signal and the noise 

variance [61]. For GLRT detector with unknown channel gains, unknown primary user variance and 

unknown noise variance the GLRT has been derived as the ratio of maximum eigenvalue to the sum of 

eigenvalues of the sample covariance matrix [61]. 

   In [62] a multi-antenna energy detection scheme has been proposed. Two multiple antenna 

processing techniques, maximum ratio processing and selection processing have been used to process 

the signal and fed to the energy detector and the output is compared with a detection threshold. The 

detection performance of these processing techniques has been compared to those of a single antenna 

cognitive radio scenario [62].  

    In [63], an energy detector has been presented such that the detection performance can be observed 

for multipath fading as well as shadowing. Two fusion techniques namely, data fusion and decision 
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fusion have been employed for analysis. Data fusion where at the cognitive user, the signal from the 

primary users is amplified and forwarded to the fusion center and at the fusion center, different 

techniques are applied [63]. Decision fusion where the decisions are taken by the cognitive radios on 

the primary user activity and the decisions that were taken individually are fed to the fusion center 

[63]. 

 

5.2.2 System Model 

The system model can be described by Figure  5—5: 

 

Figure  5—5: The Network scenario 

Figure  5—5 shows an aerial terrestrial communication network which is operative in case the primary 
network is unavailable or is not being used. The AeNB is the aerial secondary base station and MMUE 
is the secondary user equipment with multiple antennas. C-UE is the consumer user equipment, which 
is the primary user equipment and MNO is the primary base station. 

The received signal at the receiver is given by the following two hypotheses: óf ∶ 	O � t																																										 õÄ	:		÷ � øù D ú													 C �8�										 
Where n represents the zero mean additive white Gaussian noise, h is the channel gain and s is the 
primary user signal transmitted. At the receiver side, multiple antennas are employed and the received 
signal is combined using the appropriate combining technique to obtain an improved signal.  

We consider the energy based test statistic q� at the /�j antenna. As many numbers of antennas can be 
used and the combining techniques that can be used to achieve receiver diversity are: 

1) Selection Combining (SC): In this technique, the detection process involves the selection of 
the receiver antenna branch with maximum signal-to- noise ratio (SNR). It basically picks out 
the best of the received signals at the receiving antennas and proceeds with that as the decision 
statistic. 
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ü � Áýè´üþ¶ 															C �9� 
 

2) Maximal Ratio Combining (MRC): In this technique, all the receiving antenna outputs are 
considered while considering the test statistic, unlike selection combining. In maximal ratio 
combining, the output or the test statistic is derived as the weighted sum of outputs from all 
the receiving antennas at the receiver, given by: 

ü � c�þüþ��
þ;Ä 															C �10� 

where Na is the number of receiving antennas, �� corresponds to the SNR at the /�j	receiving 
antenna. 
 

3) Equal Ratio Combining (ERC): In this technique, equal weights are assigned to all the 
branches and the output is the sum of outputs from all the receiving antennas at the receiver, 
given by: 

ü � cüþ��
þ;Ä 																	C �11� 

Hence this diversity technique is called as the equal ratio combining technique. By assigning 
same weights to all the branches, the complexity of the receiver reduces as fewer 
computations are involved. 

5.2.3 Simulation model 

For the simulation model the following parameters have been considered: 

Transmitted Power �� � 23�¦_ 

Transmitting and receiving antenna gains ¤� � ¤� � 2�¦/ 
Path loss exponent � � 3.0 

Carrier frequency l« � 3.2¤ó\ 

Noise Power �Ü � C110�¦_	�aBO/BEnq� 
Distance � � 1�_ 

Using the above parameters, the signal to noise ratio (SNR) was evaluated: ��� �	�� D �� D �÷ C �	 C �ú 													C �12� 
where ª
 is the free space path loss  

The performance was observed by varying the following parameters: 

Number of antennas 4� � 2,3	�O	4 

Signal to noise ratio m4s �	C10�¦, 0�¦	Bt�	10�¦ 

Number of samples 4 � 5, 10, 20, 50 
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5.2.4 Simulation results 

1) Receiver operating characteristics with number of antennas Na=1, 2 and 4 with SNR=-
0.8dB 

 

Figure  5—6 ROC displaying the effect of varying the number of antennas 

From Figure  5—6, it can be observed that when the number of antennas (Na) is considered as 1 at the 
receiving end, the received signal is same for all the techniques used, i.e. equal gain combining, 
maximum ratio combining as well as selection combining. When the Na=2 it can be observed that 
using the equal gain combining technique there is an improvement in the detection performance as the 
probability of missed detection(Pm) is reducing with a reduction in the probability of false alarm (Pfa) 
and for maximum ratio and selection combining, the performance is similar. When Na=4 is 
considered, the improvement in the detection performance is highly significant, selection combining 
has improved performance as compared with that of maximum ratio combining technique. 

2) Receiver operating characteristics with number of antennas Na=2, SNR=-0.8dB and 
varying transmitted power Pt=-10dBm, 15dBm and 23dBm 

From Figure  5—7, it can be observed that for Pt=-10dBm the detection performance is better using 
equal gain and maximum ratio combining as compared to that using the selection combining. With 
Pt=15dBm as well the performance is similar to the case with Pt=-10dBm. A superior improvement is 
observed in the detection performance when the Pt is increased to 23dBm. It is better when equal gain 
combining technique is used as compared with maximum ratio and selection combining technique as 
the Pm reduces further with reducing Pfa. 

 

3) Receiver operating characteristics with number of antennas Na=2 with varying 
distance d and varying SNR: 
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Figure  5—7 ROC displaying the effect of varying the transmitted power Pt 

 

Figure  5—8 ROC with varying distance and SNR 

From Figure  5—8, it can be observed that for distance d=2km, the equal gain combining and selection 
combining have similar characteristics and an improvement as compared with maximum ratio 
combining. With d=1.5km, there is slight improvement in the detection performance as compared with 
the other two techniques and for d=1km, a significant improvement in the detection performance can 
be observed. The equal gain combining technique shows superior detection performance as compared 
with maximum ratio combining and selection combining. Selection combining shows better 
performance as compared with that of maximum ratio combining.  

5.2.5 Remarks of Multiple Antenna Sensing 

From the results presented in the previous section it can be observed that the detection performance is 
highly improved using the equal gain combining technique as compared with maximum ratio 
combining and selection combining when dealing with multiple antennas. From Figure  5—6, it has 
been observed that by increasing the number of antennas (Na) at the receiving end the performance 
improves significantly as compared to using just one antenna. From Figure  5—7, it can be observed 
that with higher transmitted power again tremendous improvement is achieved in the detection 
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performance as compared to lower transmitted power (Pt). Figure  5—8 shows how the detection 
performance is better at shorter distance (1km) as compared with that at larger distance of 2km. The 
performance under every scenario is observed to be better for the equal gain combining technique 
compared with other processing techniques.  

 

5.3 Reinforcement Learning for Spectrum Awareness and Opportunistic 
Spectrum Access  

In this section the opportunistic access performance of MMUE are presented given a periodic sensing 

of licensed users in the region of operation. Some preliminary results of this work were presented in 

D3.1.1 and this deliverable provides additional results in analysing the performance. 

Background to Reinforcement Learning (RL) 

RL strategies date back to the early days of cybernetics security and also work in statistics, 

neuroscience and computer science. This strategy has attracted a rapid growth in machine learning and 

artificial intelligence for the last decade. Its enticing factor is the capacity to program agents by 

introducing a reward-punishment scheme. However, there are quite some difficult computational 

complexities in terms of processing the knowledge. 

RL is defined as a method of machine learning, where the learner is the decision-making agent which 

takes actions in an environment and gets a reward or penalty based on its actions to solve the problem. 

In our case, the learner is the secondary user (SU), the environment is the primary user (PU) 

transmissions or the spectrum available. The problem is defined as the ability of the SU to learn the 

occurrence of PU transmissions and be capable of predicting such transmissions in the near future, 

thus reducing the possibility of interference. Figure  5—9 shows a general case which is presented for 

the ABSOLUTE scenario. 

 

 

Figure  5—9 Agent Environment Interface 

The RL strategy falls under the category of unsupervised learning such as artificial neural networks 

(ANN).  There lies a significant difference where there is no guidance for the learner in RL strategies 

compared to unsupervised learning, but solely by critic-learning. Critic learning is stated as learning 
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from experience. It is type of learning that only tells the learner how well he has doing in the past 

based on its rewards and punishment.  

The idea of RL strategy is mainly to deal with problems that require a correct sequential set of actions 

to be taken by the agent or learner, unlike in unsupervised learning where the main objectives are one 

or two actions and not a set of actions. The correct set of actions is determined by the maximum 

cumulative reward the agent (SU) acquires. 

Markov Decision Process (MDP) was considered to be one of the elements in RL strategy to model 

the learning process of the agent (SU) and its environmental states. However, MDP requires complete 

knowledge on the environment. This leads to the development of partial observable MDP where the 

environment is known only partially and the process is also based on the sequential set of actions of 

the agent (SU).  The other key element to be taken into account is the converging factor or the 

discount factor. This is used to keep the maximum cumulative rewards to a finite value and for 

convergence purposes.  

Overall, the process of an RL strategy is as follows which provides a clear description to the 

illustration Figure  5—9. The agent is connected to the environment via perception and action. At any 

iteration, the agent receives an input that indicates the current state of the environment. The agent then 

chooses an action to generate as output to the environment. This action induces the change in the state 

of the environment. The transition induces a value which is received by the agent as the reward or 

punishment (negative reward). The behaviour of the actions of the agent should increase the 

cumulative reward.  

RL strategies are usually introduced in economic games due to their capability of learning from 

experience and the concept was applied from real game models such as chess. The aim of the RL 

strategy is for the agent to maximize the reward received from the environment and minimize the 

possibility of punishment.  

Key elements and features of Reinforcement Learning 

There are two main features that characterize the RL strategy: trial-and-error and delayed reward. The 

trial-and-error is assumed that the agent does not have any prior knowledge about the environment and 

performs actions in a blind manner to explore the environment. The delayed reward feature is the 

feedback signal that the agent (SU) receives from the environment after performing the action in each 

iteration. The reward is either positive or negative (punishment) determining how well the performed 

action was. There are a few classic models of RL in delayed model: Q-Learning and Value Iteration 

algorithm which is described in detail later 
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There are three major key elements in Reinforcement learning. One of the key elements in the RL 

strategy is the application of MDP for modelling the scenarios. One should note the following factors 

of a MDP: 

• A number of decision epochs ‘T’ that determine the time interval ‘t & T’, when decisions-

actions are made by the agent. 

• A finite set of states ‘S’ for the agent. 

• A finite set of actions ‘A’ of the agent. 

• A non-negative probability function pt(s’|s, a) to state that system is in state ‘s’ at time interval 

t+1, when agent chooses action ‘a & A’ in state ‘s & S’ at time t.  

• A delayed-reward function rt+1(s,a) defined for state ‘s & S’ and action ‘a & A’ which is a 

real-valued function that states the reward received in time interval ‘t+1’. 

The next major key element is the episode policy or commonly termed as policy ‘π’ defines the 

behaviour of the agent and is the mapping of the environmental states to the actions by the agent 

(π:S�A). The policy has a value Vπ (s) which is the expected cumulative reward which is received 

when agent follows the particular policy π, starting at a given state st.  

Another key element would be the discount rate τ which lies in the (0 < τ > 1) and is usually used in 

infinite-horizon models, where certain actions are continuous and there seems to be no end. Thus, for 

convergence purposes, the discount factor γ is included. It is not necessary in finite-horizon models 

where the episode or tasks are not continuous. 

The last part is the optimal policy V* which is expressed as a function of Q* which is the expected 

cumulative reward of performing action at in state st and obeying an optimal policy. The function is 

expressed as shown below. 

� ∗ �ù�� � Áýè� ∗ �ù�,��� 										C 	 �13� 
   

In this report, the above discussed Reinforcement Learning Technique is used by an independent 

secondary user (SU) having CR capabilities, in order to dynamically fill out the spectrum holes which 

are created as a result of underutilization of spectrum resource by a Primary user (PU) in a wireless 

system.  

5.3.1 Literature Review 

In this section present some of the background knowledge and existing works on reinforcement 
learning that is relevant to the objective here. More literature on reinforcement learning may also 
found in D3.3.1 under task T3.3 activities.  
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 Existing ad-hoc RL Techniques  

There are many existing algorithms that are considered for the RL strategies, especially ones based on 

dynamic programming. One of the most popular ones is the ad-hoc strategies: Greedy strategies, 

Randomized strategies, interval-based techniques.  

Greedy strategies are heuristics where it states the agent should pick the highest estimated pay-off. The 

problem in such a heuristic is that due to unlucky sampling, could indicate the best action reward is 

less than the reward from a sub-optimal action.   

Randomized strategies are somewhat similar to greedy heuristics though with some difference. 

Randomized strategies allow the agent to pick the action with the highest estimated reward by default, 

but choose an action randomly with a probability ‘p’. This is to prevent the agent’s learning curve 

from remaining at the best reward and not trying to find alternate set of actions.  

Interval-based heuristics or softmax action selection heuristics are ones where the greedy action is 

given the highest selection probability but the other actions are ranked and weighted according to their 

respective reward values. This leads to the agent choosing an action ‘a’ on the ‘nth’ iteration that is 

calculated by the upper bound confidence interval (100(1-α)) on the success probability of each action.  

The above techniques mentioned are mainly used when the agent does not need prior knowledge of the 

environment and thus does not need to perform exploration of the environment. However, our case 

does require the agent (SU) to perform exploration of the environment (spectrum availability). This 

leads us to consider algorithms in temporal difference learning which helps us model the uncertainty 

in the system. They are Value Iteration and Q-learning methodologies. 

 Value iteration and Q Learning techniques in RL Erreur ! Source du renvoi 
introuvable.] 

In order to understand the concept of value iteration and Q-learning in RL, the general assumption is 

that the interactions between the agent and environment form a MDP. The agent chooses an action ‘a’ 

on state‘s’, and receives a delayed-reward ‘rt+1’  at time epoch or interval ‘t’. The total cumulative 

reward R(t) is shown as follows:  

���� � c �ú÷�iúiÄ�ù�iú,��iú��
ú;Ã 							C �14�						 

 
  

Where ‘n’ is the iteration number and ‘γ & (0, 1)’ is the discount factor that is used in cases of infinite 

horizon for convergence purposes. If the MDP case is finite, the discount factor ‘γ’ is not required. 

The discount factor ‘γ’ is varied in order to find the policy ‘π’ that maximizes the cumulative expected 

reward ‘R (t)’.  

5.3.1.1

5.3.1.2
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MDPs as stated before do not lead to an optimal solution and can be optimized by RL dynamic 

programming algorithms as the value iteration, etc.  

The value iteration is a function of ‘s’ and follows the policy ‘π’, which is expressed as the following: 

6���� � �� �ceÜO�iÜi)���iÜ, B�iÜ�|�� � ��
Ü;f � 			C �15�	 

 
  

where the value Vπ (s) is the expected cumulative reward if the system starts in state ‘s & S’ and 

follows a policy π. The value iteration method finds a ε-optimal policy similar to randomized 

strategies with the assumption of rewards and transition probabilities. The algorithm begins with v0(s) 

and updates vn(s) in an iterative manner for all ‘s & S’. The update of vn(s) is expressed in the 

following: 

 

 aÜi)��� � max����O��, B� D ec��/|�, B�aÜ�/���< 	C �16� 
 

The algorithm stops when the criteria: ||aòi) C vÜ	|| S � )|�V�  is met. The ε-optimal decision of each 

state is defined as: 

 

 ����� � argmax����O��, B� D ec��/|�, B�aÜi)�/���< 		C �17� 
 

The value iteration algorithm requires knowledge on the transition probability pt (s’|s, a) between the 

states. 

However, the Q-Learning method does not require knowledge on the transition probabilities. This 

method is based on temporal difference learning and is quite efficient at single agent (centralized) 

MDP models. To comprehend this method, one should note that Qπ(s, a) is defined as the cost of 

performing action ‘a’ in state ‘s’ under a policy π. It is also called as the action-value function and is 

expressed in the following: 

 A���, B� � �� �ceÜO�iÜi)���iÜ, B�iÜ�|�� � ��
Ü;f , B� � B� 							C �18� 

 

The one-step Q-learning is defined as follows: 

 A���, B�� S C�1 C ��A���, B�� D �HO�i)��� D B�� D emax�A���i), B�J 															C �19� 
 

The above approach leads to the Q*(expected cumulative reward) though it is essential that all state-

action pairs are continuously updated for convergence purposes. This update of the state-action pairs 
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with non-zero probability is achieved by the application of the ε-greedy policy, which leads to an 

optimal policy. If the system is in state (s ∈ S), the ε-greedy policy selects action a*(s) such that:  

 B∗��� � 	 �argmax	A��, B�,								�/rh	�O � 1 C �~ �B�																			�/rh	�O � � 										C �20�	 
 

Where U(a) is the discrete uniform probability distribution over the set of actions A. 

5.3.2 Proposed Solution  

In contrast to the above discussed approaches, the proposed solution in this report applies RL 

technique in a periodic manner. That is the sensing is carried out periodically with the aim to 

determine the presence of PU transmission, prior to commence SU transmissions. More importantly, 

the sensing is carried out using 'Energy Detection' technique. As a result, this technique facilitates 

considerations of wastage of available time slots as well as the behaviours of interference between PU 

and SU in the system model. The proposed solution is discussed in detail in the below sub-sections 

[70].  

 System and Network Model 

The solution that is discussed in this chapter considers a scenario with a single PU and a single SU 

which are operating in the same frequency band. The spectrum sensing is carried out by the SU and 

such sensing decision is then used to feed the RL strategy via which the SU transmission decision is 

made.   

Temporal Behaviour of the PU 

The assumed PU temporal model and the SU model, both which are based on Markov processes are 

shown below.  

 

Figure  5—10 PU system Morkov Model [21] 

 

The PU temporal behaviour is modelled as two-state Markov process as illustrated above in 

Figure  5—10 representing the binary hypotheses H0 and H1 as defined below. 

 

• H0 : PU does not transmit 

• H1 : PU transmits  

5.3.2.1
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The state-transitions are modelled as exponential random processes with a mean λ for the transition 

from H0 to H1 and with a mean of µ for the transition from H1 to H0. The PU transmission arrival 

rate is given by λ and the death rate of transmissions is given by µ assuming a simple spectrum 

occupancy Model.  

 

Periodic Detection of Cognitive Radio 

As discussed above the spectrum sensing is performed periodically by SU as shown in below figure. 

The sensing period (Tw) and the sensing duration (δt) of SU are two key parameters been considered 

here.  

 

Figure  5—11 Different scenarios of PU detection by CR (CR in blue and PU transmission in red) [21] 

 

From the above diagram, it is clear that the SU contains fixed sensing periods as well as fixed sensing 

durations. Hence, the detection of PU transmission is based on the δt duration within each Tw period. 

The decision taken within the δt duration, will then be maintained throughout the Tw period, until the 

next δt duration. As a result, SU is unaware of the PU transmission states during non-sensing durations. 

This sensing process is carried out continuously as long as SU intends to transmit. The Energy 

detection process is implemented assuming AWGN environment in this scenario as discussed below.  

 

Spectrum Sensing with Energy Detection in an AWGN environment 

In the proposed solution [71], the sensing is carried out based on an Energy detection approach which 

is the simplest technique to detect a PU in a blind manner. The advantages of this detector include its 

high computational efficiency and capability to be used with both analogue and digital signals. 

However, on the other hand, its performances degrade drastically when the received signal to noise 

ratio becomes very low. 
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An energy-metric of the received signal will be computed over N samples in discrete domain as a first 

step in the Energy Detection process, where T = NTs ; Ts is the signal sampling period. The test 

statistic for the energy detector is computed as;  

 

 ! � " O�r�. O#����r	��i$
�� 		C �21� 

 

Where, O′�r�is the complex conjugate of r(t), rf ∈	 ℝ+ is an arbitrary starting number. 

For discrete signal r[n] = r(nTs) the test statistic is defined by; 

 

 ! � § 	c rHnJ. r#HnJ`|)
Ü;f 				C �22� 

 

The detection criterion is then defined by;  

 

 � � �0; 						! S 	(	1; 						! T 	( 					C �23�  

Where, λ is the threshold to be chosen wisely.  

The detection probability and false alarm probability will then be computed by considering the 

distribution of the test statistic	!. When it comes to AWGN channel with h = 1	 ∠	 00, the test statistic ! 
follows a non central and central chi-squared distribution under H0 and H1 respectively with 2N 

degrees of freedom. Using these distributions, the detection probability and the false alarm probability 

are defined as;  

 �Ò � ��Hζ + 	(	; ot�qO	ó1J �	A`	F,2§¦" 	ρ	, √(	G 					C �24�	 
 

 �/ � ��Hζ + 	(	;ot�qO	ó0J � 	Γ ë§¦" , (2í					C �25�  

Where, A`�B, E� is the generalized Marcum Q-function given by;  

 A`�B, E� � 	" o`	
1 exp�C�oV D BV�/2�. 4`|)�Bo�/	B`|)�o 														C �26�	 

 

Where, 4`|)�. � is the modified Bessel function of first kind with order N-1 and ρ is the signal to noise 

ratio. 

Γ�B, E� is the regularized upper incomplete Gamma function given by;    
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 Γ�B, E� � 	 1Γ�N�" o�|)	
1 exp�Co��o 								C �27� 

 

In simple notation, the detection and false alarm probabilities can be defined as;  

 �Ò � ��Hdecising	that	PU	is	present|	H1J											C �28�								 
 

 
�/ � ��Hdecising	that	PU	is	present|	H0J				C �29� 

  

Note: When choosing the threshold value λ, proper care needs to be taken since the detection (Pd) and 

false alarm (Pf) probabilities depend on λ. On the same time, Pd also depends on signal power and 

time-bandwidth product ( T.Bw = N.Ts.fs = N) and Pf depends on time-bandwidth product. Hence, it is 

a general way to choose threshold λ for a given time-bandwidth product in such a way it meets the 

desired false alarm probability, Pf. 

Secondary User Markov model without Reinforcement Learning 

A Markov model is used to describe the SU transmissions, based on the PU model. There are four 

states in the SU transmission model in total under the states of H0 and H1, as given below. 

• S00 : SU does not transmit given H0 

• S01 : SU transmits given H0 

• S10 : SU does not transmit given H1 

• S11 : SU transmits given H1  

 

Figure  5—12 SU system Markov Model without RL [21] 
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According to Figure  5—12 under H1 condition, SU makes a transition from state S11 to S10 or 

remains at state S10, with a transmission probability of PD. This means, SU stops transmitting or 

doesn't transmit at occasions where it senses PU transmissions with a detection probability PD. On the 

other hand, under the same H1 condition, SU transmits if it miss detects PU transmissions with a miss 

detection probability Pm, which is given by Pm = 1-PD. Hence at this case, either SU will transit from 

S10 to S11 state or will remain at state S11. 

 

Under the H0 condition, the SU transmission is fully dependent on the false alarm probability, Pf. In 

simple, SU transmits when it detects no PU transmissions in the environment and therefore, will 

transit from state S00 to S01 or remains at state S01 with a probability of 1-Pf. On the other hand, SU 

stops transmitting or doesn't transmit in cases where it falsely detects PU transmissions in the 

environment. In other words, in this case SU will either transit from state S01 to S00 or will remain at 

S00 with a false alarm probability, Pf.  

 Reinforcement Learning Algorithm 

The proposed RL model will be discussed in detail under this section. Since it is assumed a single PU, 

single SU environment, the RL model becomes a single agent model with centralized decision making 

where all the decisions are made locally by SU. The RL strategy allows SU to make transmission 

decisions by learning PU's temporal behaviour.  

Threshold and Cost parameter  

The RL strategy is implemented using two key parameters namely threshold, Γ and cost function, 

C(=). The cost function is derived based on the detection of PU. It is a metric used to predict the 

likelihood of the presence of the PU in the successive sensing periods based on prior detection 

knowledge using RL. As for the criteria defined in this approach, SU transmissions occur only when 

the cost function is less than the threshold. Hence the SU transmission decision criterion is given by; 

If	Γ T C�=�	then	SU	does	no	transmit 
If	Γ S [�=�	then	SU	transmits 

This definition implies that the SU will not transmit even if it detects a vacant spot in the spectrum, 

instead it will wait for the cost function to fall below the threshold. The proposed solution defines the 

cost function as follows. 

5.3.2.2
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 [�=� �
BC
Dcos ëE=F í 														l�O	0 G = G F2
0																																						l�O	= + F2

																		C �30� 
 

Where, F + 0 is the shape parameter and = ∈ 0 ; Below diagram shows the variation of cost function 

with = for four different F values 

 

 

Figure  5—13 The variation of C(��with respect to � for different � values 

As for the above diagram, it’s clear that the cost function contains the values between [0,1]. When F is 

small, the cost function shows a fast reduction (higher gradient) as = increases. Similarly, when F is 

large, the cost function shows a slow reduction (smaller gradient) as = increases. 

Updating the Cost-Function 

The proposed technique defines the method on which the cost function is updated. Every occasion that 

SU detects, PU transmission, the variable = is set to 0 giving cost function a value of C(=� = 1. Every 

time that SU does not detect the presence of PU, the cost function is updated by incrementing	=. When 

the condition C(=� ≤ Γ is satisfied, SU begins its transmission. Hence, the cost function gets updated 

continuously on every sensing period. The proposed algorithm for the SU transmission model is 

shown in Figure  5—14. 
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Figure  5—14 RL algorithm for performing SU transmissions 

 Performance Indicators for RL based SU transmissions 

The modified SU transmission model is represented for the two PU scenarios H1 and H0, respectively. 

The inclusion of RL strategy results in the use of prior information and the current status of both PU 

and SU transmissions. The modified Markov model follows the same transitions as that of the 

traditional SU model (Markov model without RL), but with different transition probabilities. They are 

probability of interference Pi and probability of wastage Pw that are derived from the Pm and Pf 

expressions, respectively. Figure  5—15 shows the modified SU Markov model which is incorporated 

with RL strategy.  

 

Figure  5—15 SU system Markov Model with RL [1] 

 

5.3.2.3
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The interference Pi between the PU and SU transmissions is the measure of time when both PU and 

SU transmit simultaneously. Thus, it is described as the following expression: 

 �/	 � 	�O	�m 	rOBt�_/rr/tp	/t	B	�qO/��	§�|	� 	rOBt�_/r�	Br	nqB�r	�tHq	/t	§��	 (31) 

Note: Tw is the scanning period and not the scanning duration 

The occurrence of interference scenario can be graphically shown as follows. 

 

Figure  5—16 SU interfering with the PU while performing periodic sensing [21] 

 

According to the above diagram, the interference Pi between PU and SU is given by the number of 

slots during which both PU and SU transmit simultaneously at least once within a sensing period Tw, 

with respect to the total number of slots been considered. 

Pw on the other hand is the measure of time available for the SU transmission to occur, but SU does 

not transmit even though there is no detection of PU transmission in the previous scan. Thus, it is 

described as the following expression: 

 
��	 � 	Pr	�m 		t�r	rOBt�_/rr/tp	/t	B	�qO/��	§�	|	4�	� 	rOBt�_/��/�t�	/t	§��	 

		 -(32) 

The occurrence of wastage scenario can be graphically shown as follows. 

 

Figure  5—17 Wastage of spectrum resource 
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As for the above diagram, the wastage of slots Pw is the number of slots available for the SU 

transmissions to occur, but not been used by SU for transmissions. This occurs due to the cost function 

C(=) been higher than the decision threshold, Γ as described above. 

Thus, modified SU transmission model operating with RL strategy, considers above mentioned 

interference to PU and spectral wastage as its main performance indicators. From this process, one 

could note that the decisive threshold Γ can be varied for the two phases roll-off and in-service to meet 

the particular demands at each phase. In other words, at a particular threshold value, Γ there is a trade-

off between these two performance indicators that is analysed using transmitted operating 

characteristics (TOC) curves which are used for setting the requirements for the secondary user 

spectrum access as explained in the subsequent section. 

Correspondence to ABSOLUTE LTE platform 

The ABSOLUTE LTE platform once deployed would scan the environment for available current LTE 

transmissions (PU transmissions) in the available frequency bands. The frequency bands are checked 

to be free from PU transmissions, which means the cost function C(τ) is not equal to 1. These 

particular bands are scanned repeatedly to ensure that the bands are available. By doing so in a 

repeated process, the cost function C(τ) decreases each time the bands are determined to be available. 

Each time the cost function C(τ) is compared with a decisive threshold Γ to determine whether the SU 

(ABSOLUTE LTE platform) transmits or not. The SU transmits only, if the cost function C(τ) is lower 

than the decisive threshold Γ. 

5.3.3 Simulation Results  

The simulations are performed under two environmental conditions, namely under high Signal to 

Noise Ratio and noisy environmental conditions using the energy based detector with periodic sensing 

for spectrum sensing. The high SNR case is then analysed under both low and high occupancy 

scenarios. The performance levels of energy detector (Pd and Pf) are varied accordingly to represent, 

noisy and high SNR environments. The arrival rate (λ) and death rate (µ) are varied to represent low 

and high occupancy scenarios. Below figures show the attained simulation results.  

 

According to Figure  5—18, when the occupancy level is low, the cost function shows a decline 

towards its minimum value ('zero') and also retains at this value. This is because the low occupancy 

environment, in other words less number of PU transmissions over time, leads to lower number of PU 

detections by SU. On the other hand when the occupancy level of PU is high, there will be more PU 

detections by SU, which will cause the Cost function to retain at its maximum value which is 'one' as 

shown in Figure  5—19 below. This is due to the reason where the RL algorithm resetting its cost value 

to 'one', when it detects the presence of PU. 
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Figure  5—18 RL simulation in high SNR and low occupancy environment 

 

Figure  5—19 RL simulation in high SNR and low occupancy environment 
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Figure  5—20 RL simulation in noisy and low occupancy environment 

 

Figure  5—20 shows the simulation results obtained under a noisy environment. This is represented by 

selecting Pd = 0.9 and Pf = 0.05, which shows the detection errors and false alarms been created due to 

the noisy environment. This leads to erroneous variation in Cost function as shown in above figure. It 

is important to note that, the red line only indicates periodic sensing in the absence of noise, while the 

light blue line indicates actual variation of Cost function when noise is present. Here the noise induces 

the false alarms which are triggered due to wrongful detection of PU transmissions by the energy 

detector. As a result, the Cost function is set to 'one', and the SU transmissions are stopped. At the 

same time, miss detection phenomena also makes the Cost function to drift from its accurate path. This 

is where the PU transmissions are not detected by the energy detector due to noise, and hence the Cost 

value not been set to 'one', which is highlighted in Figure  5—21.  

As the periodic detection process continues, the reward or cost function is continuously compared with 

a decision threshold Γ to determine whether the SU can transmit or not. The choice of this decision 

threshold is varied for the roll-off and in-service phase. The simulations were carried out by 

comparing the Pi and Pw values against variables such as scanning duration δt, sensing period Tw, 

arrival and death rates of the PU transmissions as well. Figure  5—22 depicts how Pi and Pw varies for 

scanning duration δt, respectively. 
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Figure  5—21 Plot of Pi vs δt for various decision threshold values 

The observations of above figure show that the interference can be reduced by selecting a lower 

transmission threshold Γ. Also it is evident that an increase in sensing duration, results in further 

reduction in interference. This is because as sensing duration increases, the miss match detection of 

PU would reduce.  

 

Figure  5—22 Plot Pw vs. δt for various decision threshold values 

Figure  5—22 indicates, that the spectral wastage reduces as the decision threshold is increased. This is 

because, at higher threshold, SU is capable of transmitting after a fewer number of successive sensing 

periods. Also it can be observed that there is no variation in Pw with δt, due to the reason of false 

alarm probability has not been impacted at this case. 

The ABSOLUTE scenario has two phases which are the roll-off and in-service phase. As explained 

before, the RL strategy should function differently by altering the decision threshold in order to get a 
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compromise between the possibility of interference and wastage. The TOC in Figure  5—23, 

Figure  5—24 and Figure  5—25 show the variation of Pi with respect to Pw for various values of the 

decision threshold. Here the parameters δt, Tw, λ and µ are varied to observe the different TOC curves.  

According to Figure  5—23, the impact of sensing duration (δt) on shifting the TOC curves is minimal. 

In other words, for a given interference level, the wastage (Pw) will almost be the same for slightly 

different δt values. However, the sensing period (Tw) has a relatively higher impact on TOC curves 

where, the wastage probability increases by a considerable amount with Tw, for a given interference 

leve, Pi.   

 

 

 Figure  5—23 TOC for various sensing durations, δt  

 

 

Figure  5—24 TOC for various sensing periods, Tw  
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Figure  5—25 TOC for various arrival rates, λ and death rates, µ of PU transmissions 

 

An important fact that we can observe here is that the increase in λ or µ leading to an increase in Pi, 

which is understandable by considering the increase in occupancy of PU. Also according to above 

figures, it is clear that there exist a trade-off between Pi and Pw. This depends on the amount of traffic 

been present in the environment as shown in Figure  5—25. Hence, one could define an optimum 

threshold for the roll-out and in-service phases based on the requirements and by controlling the 

required interference for a given wastage probability. 

5.3.4 Remarks on Opportunistic Access Based on Periodic Sensing 

This chapter highlights the SU transmission process and its performance when operating in a single 

PU single SU environment. In this case, SU uses Cognitive Radio strategy during spectrum holes in 

order to efficiently utilize the spectrum resources used by the PU. This is achieved by continuously 

scanning and sensing the presence of PU and its temporal behaviour.  

A novel Reinforcement Learning technique is defined and applied to the SU model to make decisions 

regarding SU transmissions. There by the performance of SU transmissions have been improved by 

considering probability of interference and wastage. These performance indicators are dependent on 

the decision threshold, scanning periods, sensing durations and arrival and death rates of PU 

transmissions. It is concluded that the interference with PU can be controlled by properly selecting the 

decision threshold for a given wastage probability level. 

The future work of this research will be focused on the theoretical modelling of the interference and 

the wastage probabilities which are used as the performance indicators in this RL model. Moreover, 

the proposed solution will be extended to a multi SU and multi PU environment which will impose 

much practical use for wireless applications at present. 
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5.4 Spectrum Sensing and Detecting an Incumbent UE by the AeNB 

5.4.1 Introduction  

A novel technique to perform energy based spectrum sensing has been discussed in this report which 

is aimed to be used at the Recovery phase of the ABSOLUTE project [73]. Here, the primary users 

(PU) according to CR terminology are defined as incumbent user equipment (I-UE) which possesses 

higher priority when it comes to utilization of a specific frequency band. Similarly, the secondary 

users (SU) as specified in CR terminology are defined as multimode user equipment (MM-UE) having 

lower priority to utilize the freely available spectrum in a way that does not interfere with I-UE 

communications. Hence, this MM-UE should have CR capabilities such as sensing the spectrum 

reliably to check whether it is being used by an I-UE and to change the radio parameters to exploit the 

unused part of the spectrum. Moreover, the Spectrum Sensing is carried out using energy based 

sensing approach which will be discussed broadly in next section. 

5.4.2 Proposed Solution 

 Aerial-Terrestrial LTE Network Model 

The proposed solution aims to address the deliverables of the ABSOLUTE project and hence, 

considers a scenario for rapidly deployable temporary aerial-terrestrial network architecture with an 

aerial base station using the long term evolution (LTE) technology, in the Disaster Recovery phase. At 

this phase, it is assumed that the regular LTE network that provides services in the disaster incident 

area is to be damaged and as a result, the need to have a temporary aerial-terrestrial LTE network in 

order to provide supplementary services for the initial responders and other service nodes becomes 

crucial. Figure  5—26 demonstrates the ABSOLUTE reference architecture model, during disaster 

recovery stage. 

 

Figure  5—26 ABSOLUTE reference architecture during disaster recovery stage 

5.4.2.1
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Terminology Expanded Terminology Description 

I-LTE Incumbent-LTE network 
Network that provides the regular 

coverage 

S-LTE Secondary-LTE network 
Network that provides the temporary LTE 

network 

AeNodeB Aerial eNodeB 

These are Aerial LTE-A Base Stations 

located in a low amplitude platform (LAP) 

which provide high data rates and 

coverage over large areas. These act as 

main terminals for S-LTE network.  

CeNodeB Conventional eNodeB The regular eNodeB for I-LTE network 

TeNodeB Terrestrial eNodeB 

These are portable Land Mobile LTE-A 

Base Stations interoperable with 

conventional PPDR systems  (TETRA base 

stations) and sensor networks  (sensor 

gateways), which enable dedicated 

coverage and broadband satellite 

backhauling capabilities in Ka-Band 

MM-UE 

Multimode-User 

Equipment 

 

These are also called Advanced 

multimode LTE-A Professional terminals 

which enable direct mode LTE 

communications (LTE D2D) and direct 

messaging services via S-band satellite 

when outside of TeNodeB or AeNodeB 

coverage. These act as user equipment 

from S-LTE network. 

I-UE 
Incumbent-User 

Equipment 
User equipment from I-LTE network 

Table  5-1Terminology been used in the ABSOLUTE project 

During the disaster recovery stage, the I-LTE network will slowly start to recover its operation by 

providing coverage to the recovered I-UE. Until the I-LTE network becomes fully alive, the S-LTE 

network will be using the same spectral band of the I-LTE network. This brings up to the requirement 

that eNodeB of S-LTE has to perform intelligent spectrum sensing to detect the I-UE in its vicinity. 

The terminology that is used to identify the main components of the Aerial-Terrestrial LTE network 

model is discussed in the table below. 
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The scope of this report is to develop a methodology for S-LTE eNodeB (AeNodeB in this report) to 

perform spectrum sensing by considering 3GPP LTE standards, in order to detect I-UE and thereby to 

avoid interference from I-UE for the supplementary services provided via MM-UE.   

 Spectrum Sensing by the LAP eNodeB  

 

Figure  5—27 Two cases considered in the proposed solution [16] 

The main focus of this report is towards the uplink of the LTE network that uses Single Carrier 

Frequency Division Multiple Access (SC-FDMA) technique to support the transmissions from UE to 

eNodeB. In this scenario, the transmissions from I-UE that will occur as I-LTE network recovers have 

to be sensed by the AeNodeB in the S-LTE network. The proposed energy based spectrum sensing 

technique considers two main cases as follows, to achieve this goal.   

In the event of case 1, AeNodeB uses the resource slots and receives sounding reference signals (SRS) 

transmitted by the MM-UE to perform spectrum sensing. This idea of reference signals is used in LTE, 

in order to make use of better links to eNodeB from UE, by choosing the best resource block by means 

of channel sounding. As a result, it is believed that the implementation of this proposed solution would 

become easier. In other words, in Case 1, the MM-UE will mute their transmissions during the SRS 

transmit period such that the AeNodeB can use this time slots to sense for any I-UE in the vicinity, in 

that frequency band. It is also noteworthy that the mutation of transmission of MM-UE occurs in a 

periodic manner, to enable continuous sensing by AeNodeB. 

In contrast, since there are no connections between MM-UE and AeNodeB in Case 2, AeNodeB will 

perform periodic spectrum sensing to gather information about the I-UE presence in the considered 

frequency bands. Thereby it will use this knowledge to perform intelligent resource allocation to MM-

UE in the S-LTE network, to support supplementary communications.   

5.4.2.2
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 The Energy Detector Model  

In the proposed solution, the detection of I-UE is carried out using an energy based sensing method. 

As discussed earlier, the sensing is performed at LAB AeNodeB. This section of the report discusses 

and provides a complete view about the Energy Detector Model. 

Wireless Channel Characteristics   

The received signal at the LAP AeNodeB corresponding to the I-UE transmissions in a random 

wireless channel is given by, 

    r�r� � 	 1,ª��� h�t�s�t� D 	w�t� 		C �33�  

Where, r�r� is the received signal, s�t� is the transmitted signal from I-UE terrestrial terminal, h�t� is 

the random wireless channel, w�t� is the Additive White Gaussian Noise (AWGN) and L�d� is the 

pathloss between the transmitting terrestrial terminal and the LAP base station at a distance �	�_�. We 

also assume that the altitude of the LAP base station is also	�	�_�. 
The path loss is given by the log-distant model as,  

    L��� � 	L�df� D 	10α	n�p)f ë ddfí			C �34�  

Where, α is the pathloss exponent, L�df� is the free space pathloss in dB at a distance of df given by, 

     L�df� 	� 	20	n�p)f ë4πdff«c í				C �35�  

Where, f« is the carrier frequency of s�t� and c = 3 x 108 (ms-1). 

The test statistic that is used to perform the decision for detecting the presence of primary user (I-UE) 

is the signal energy given by,  

 Є � " |O�r�|V�r	Í
f 			C �36�  

In the discrete domain the energy of the received signal Є is given by [16] 

 Є � c |O�t�|V`K|)
Ü;f 				C �37�  

where 4 is the number of samples per estimation.  

If T is the duration of the signal, � is the sampling frequency and ¦" is the channel bandwidth then 

the time bandwidth product is defined as, 

5.4.2.3
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 4 � §� � 2§¦" 				C �38�  

The mean signal to noise ratio of the received signal in terms of power ratio is given by,  

    ρ � 	 ��Ü � 1N ë ENfí		C �39�  

Where, � is the mean power of the signal term h�t�s�t�/,L�d�, �Ü is the power of AWGN term w�t�, E is the mean energy and Nf is the noise power spectral density. 

Random Fading Channel Models   

Three type of communication models between the I-UE and the AeNodeB have been considered when 

developing the proposed spectrum sensing methodology. They can be identified as follows. 

i) AWGN only model without fading with h(t) =1 

ii)  Slow fading Rayleigh envelope model where h(t) follows a Rayleigh distribution 

iii)  Slow fading Rice envelope model where h(t) follows a Rice distribution 

Under the Rayleigh fading model, the distribution of the instantaneous energy per noise spectral 

density ratio e is given by, 

 l��e� � exp ëCee̅	í 		C �40�  

where e̅ � b/4f is the mean energy per power spectral density ratio. 

Under the Rice fading model, the distribution of the instantaneous energy per noise spectral density 

ratio e is given by, 

 l��e� � 1 D 5e̅ expNC5 C	C�1 D 5�ee̅ 	OP			 C �41�  

Where,	e̅  has the same meaning as above, K is the Rice factor and  

 P � 4f	 ½2,5�1 D 5�e/e̅	À 				C �42�   

Where, 4f is the zeroth order Bessel function of the first kind. 

The Detection Process  

The detection process defines the basis on which a decision ‘d’ regarding the presence of I-UE signal 

is made. Here, two binary hypotheses related to the received signal are defined as follows, 
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óf ∶ O�r� � ��r�												 
ó) ∶ O�r� � 1,ª��� h�r���r� D��r� 				C �	43�  

Then the above mentioned decision ‘�’ is made using following rules, 

 � � �	0; 			/l		Є	 S 	(	1; 			/l		Є	 T 	( 					C �44�  

where ( is the optimal detection threshold.   

Detection Performance  

The detector performance is calculated using two probabilities namely, probability of detection ��Q� 
and probability of false alarm ��R� which are defined as follows. 

 � ��Hdecising	that	PU	is	present|	H1J � 	���Є	 + 	(|	H1� 																					C �45�  

 �S � ��Hdecising	that	PU	is	present|	H0J � 	���Є	 + 	(|H0�											C �46�  

The miss detection probability is defined using the detection probability as follows, 

 �T � 1 C �U 									C �47�  

Thereby the detection performance is analysed using either the receiver operating characteristics 

(ROC) curves which plot �U vs �S for various values of ( or complementary ROC curves which plot 

�T vs �S for various values of ([16].  

It can also be noted that determining the optimal detection threshold, λ becomes challenging, 

especially with fading channels. It is because that detection (PD) and false alarm (PF) probabilities 

depend on λ. On the same time, PD also depends on signal power and time-bandwidth product and PF 

depends on time-bandwidth product. Hence, it is a general way to choose threshold λ for a given time-

bandwidth product in such a way it meets the desired false alarm probability, PF. 

 Theoretical Detection of Performance 

This section mainly focuses on presenting the theoretical expressions for the above discussed two 

probabilities, �U and �S. These will be discussed for AWGN and fading (Rayleigh and Rice) scenarios 

separately.  

AWGN Channel   

The two probabilities will be computed considering the distribution of the test statistic Є. For AWGN 

channel with h = 1∠00, the test statistic V, follows a non central and central chi-squared distribution 

5.4.2.4
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under H0 and H1 respectively with Ns degrees of freedom. Using these distributions, the detection 

probability and the false alarm probability are defined as;  

 �U � A`WV F,4	ρ	, √(	G 										C �48�  

 �S � 	Γ ë42 , (2í 																								C �49�  

Where, A`W/V	�B, E� is the generalized Marcum Q-function given by [27];  

 A`W/V�B, E� � 	" o`W/V	
1 exp�C�oV D BV�/2�. 4`W/V|)�Bo�/	B`W/V|)�o 															C �50�  

Where, 4`W/V|)�. � is the modified Bessel function of first kind with order 4X/2 C 	1 and ρ is the signal 

to noise ratio. Γ�B, E� is the regularized upper incomplete Gamma function given by 

 Γ�B, E� � 	 1Γ�4X/2�" o�|)	
1 exp�Co��o 							C �51�  

Rayleigh and Rice Channels   

Under the fading scenarios, the energy detection performance varies when the received signal 

component has a time varying envelope. Hence, the detection probability, �U, is averaged to define the 

mean probability of detection, �U¨̈ ¨ as follows. 

 �U¨̈ ¨ 	� " �U�e�l��e��e	f 							C �52�  

For the Rayleigh channel 52 reduces down to the below equation: 

 �U¨̈ ¨ 	� exp ëC(2 	í Y 1t!
`K/V|V

Ü;f
	ë(2	í

Ü D	ë1 D e̅e̅ 	í`K|) [																						 C �53�  

Where,  

 [ � exp ë C(2 D 2e̅	í C exp ëC(2 	íY 1t!
`KV |V

Ü;f
	ë (e̅2�1 D e̅�	í

Ü 																					C �54�  

For the Rice channel 52 reduces to the below equation: 
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 �U¨̈ ¨ 	� A Ö\ 25e̅1 D 5 D e̅		,\(�1 D 5�1 D 5 D e̅		Ù								C �	55�  

Where, Q and K have the same meaning discussed previously. 

It is important to note that the closed form expression for the mean detection probability for the Rice 

channel does not exist for the generic NX case. Therefore, the simulation results will be considered to 

study the energy detector performance.  

5.4.3 Simulation Results 

The main focus on this section is to discuss the simulation results for the energy based spectrum 

sensing under AWGN, Rayleigh and Rice channel environments.  

 Verification of Simulations using theoretical results 

The initial simulations are used to verify the simulation results by comparing with theoretical results. 

However, the theory exists only for 4X � 2 under Rice scenario. Therefore, the aim is to extend the 

simulation results in order to analyse the performance of the energy detector for various degrees of 

freedom (4X�, LAP AeNodeB altitude, signal to noise power ratio (ρ) and Rice factor (K). Below table 

summarises the transmission parameters used in the simulations. 

Transmission Parameter 
Value used in the 

Simulations 

]ý··¹^·	_·^`a^Øbê	�cb�  2.6 GHz 

Transmit Power (d
� 13dBm 

Pathloss Exponent (α) 2.4 

Noise Power (dØ� -105 dBm 

Table  5-2: Summary of the fixed transmission parameters used in the Simulations 

It is assumed that the terrestrial terminal is directly below the AeNodeB. That is, the distance (d) 

between transmitting terrestrial terminal and the sensing LAP base station is same as the altitude of the 

LAP base station. Meanwhile the received signal power is found using the below equation, 

    P �	P� C L�d� 						C �56�  

The Figure  5—28 demonstrates the Complementary ROC curves for the AWGN and Rayleigh 

envelope fading channels that are based on theory and obtained by simulations. The curves are derived 

at different ρ and 4X values. 

5.4.3.1
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Figure  5—28 C-ROC curves for the AWGN and Rayleigh envelope fading channels, theory versus 
simulation comparisons [16] 

According to the Figure  5—28 it is clear that the simulation results match well for the theoretical 

results in both AWGN and Rayleigh channels, hence the simulation model for Rayleigh channel is 

verified. Moreover, the Rayleigh channel shows degraded detection performance compared to the 

AWGN channel. In fact, the Rayleigh channel leads to higher Miss Detection probabilities compared 

to the AWGN case for a particular False Alarm Probability. It is also clear that when the SNR 

increases the detection performance level increases, simply due to the presence of less noise leading to 

less Miss Detection phenomena. Finally when the degrees of freedom �� is increased that is when 

more samples are considered per estimate, the detection performance is increased.  

Similarly, the Figure  5—29 demonstrates the Complementary ROC curves for the AWGN and Rice 

envelope fading channels that are based on theory and obtained by simulations. The curves are derived 

at different ρ and K values, specifically for 4X � 2. According to the Figure  5—29, it can be observed 

that the simulation results match well for the theoretical results in both AWGN and Rice channels and 

therefore the simulation model for Rice channel is also verified. Furthermore, it can be concluded that 

the detection performance under Rice channel approaches that of AWGN channel especially when the 

SNR is high.  
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Figure  5—29 C-ROC curves for the AWGN and Rice envelope fading channels for �� � � comparing 

theoretical versus simulation results 

 Simulations to analyse detection performance under Rice fading channel 

As highlighted before, no theoretical results exist for the degrees of freedom greater than two (4X + 2� 
under the Rice fading channel. As a result, this section only focuses on studying the simulation results 

under Rice fading environment to measure detection performance. These results will then be used 

identify the number of samples required per estimate (4X� to undergo energy based sensing while 

maintaining the desired detection probability which will be set by the regulatory body. For the 

underlying simulations, the required minimum detection probability for the operation is set as PU � 0.9. In other words, PT � 0.1. 

Figure  5—30 demonstrate the complementary ROC curves for various degrees of freedom �4X� values 

under Rice fading environment. The other parameters such as SNR, Rice factor and LAP AeNodeB 

altitude are set to specific values as indicated in the figure. It can be observed that the detection 

performance increases as the 4X parameter is increased. This is well understandable since higher the 

number of samples per estimation had been used, better quality will be the energy estimate, thus 

reducing the miss detection phenomena.  

5.4.3.2
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Figure  5—30 C-ROC curves for the Rice envelope fading channels for varying �� values 

 

 

Figure  5—31 C-ROC curves for the Rice envelope fading channels for varying LAP altitude values 

Figure  5—31 depicts the detection performance for various LAP AeNodeB altitudes under Rice fading 

channel. The simulations are carried out while holding the other parameters at constant values. i.e. 4X � 20 and K=20. The results show a degradation of the detection performance as the LAP altitude 

increases. It is because that the increase in LAP altitude reduces the mean received SNR due to the 

increased path loss between the LAP and the terrestrial terminal. As a result the miss detection occurs 

more regularly due to low SNR; allowing detection performance to drop. In fact, the results indicate 

that the expected detection performance (PT � 0.1� can only be met with a high value of false alarm 

probability even with higher value �4X � 20�. Therefore it is clear that, in order to meet the desired 

detection performance with a low false alarm probability, the degree of freedom �4X� should further 

be increased. 

Similarly, Figure  5—32 demonstrate the detection performance for various Rice factor values K. The 

other parameters are held fixed at values of 4X � 10, SNR	�ρ� � 	5.26dB, LAP	altitude � 1000m. It 
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can be observed that the detection performance degrades as the K value is reduced. This implies that 

with low K values, false alarm probability would become large in order to attain the desired miss 

detection probability. 

 

Figure  5—32 C-ROC curves for the Rice envelope fading channels for varying Rice factor (K) values 

Overall, the simulation results become really helpful in order to determine the required number of 

samples per estimate �4X� under the Rice channel for varying channel conditions. 

5.4.4 Remarks on AeNB Sensing 

This chapter highlights the scenario which detects the incumbent UE by a secondary aerial eNodeB 

during a disaster recovery scenario. A novel energy based sensing technique has been proposed that 

considers the 3GPP-LTE specifications. In fact, the time slots used by the secondary UE to transmit 

sounding reference signals to the aerial eNodeB are utilized to perform the sensing of I-UE within the 

vicinity environment. The idea behind this continuous sensing process is to utilize the spectrum 

resources used by the I-UE in order to support supplementary services for MM-UE.  

The detection performance is measured in terms of detection probability (or miss match probability) 

and fault alarm probability. The relationships between these factors by means of ROC curves are used 

to carry out the detector performance analysis. Both theoretical and simulation results have been 

considered during this task, that are calculated under AWGN, Rayleigh and Rice environments.  

Extensive set of simulation results are analysed for the Rice fading channel. Thereby, it is concluded 
that the number of samples been considered per estimate plays a major role in meeting the desired 
detection performance level especially under Rice fading channel. Moreover the dependencies of the 
other parameters such as Rice factor, LAP altitude and SNR level on the detection performance are 
well discussed in order to provide the reader a very good understanding about the subject. 
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6 Conclusions 

In this deliverable, the performance evaluations for the spectrum awareness of the aerial and terrestrial 
rapidly deployable LTE based networks have been presented. Spectrum awareness techniques in terms 
of spectrum sensing techniques and radio environment map (REM) are both utilized in the 
ABSOLUTE system. Among spectrum sensing techniques, energy detection is the most simply one 
but it is vulnerable to noise uncertainty. Auto-correlation detection can achieve reliable signal 
detection with a low complexity, and a more reliable performance can be achieved by cross-
correlation detection if a prior knowledge, i.e., the feature sequence (preamble, pilot sequence and 
pulse shaping filter) is completely known to the detector. For a wideband signal sensing which can 
cover multiple channels simultaneously, using the poly-phase network (PPN) based filter bank can 
obtain good performance with a reasonable complexity. The numerical results reveal that the filter 
bank technique can achieve both high dynamic range and resolution, which would be ideal for sensing 
and measuring power in the ABSOLUTE network. From a practical point of view, LTE does not have 
the synchronized quiet period (QP) mechanism for enabling the in-band spectrum sensing, so may be 
inefficient compared to a cognitive radio based system such as IEEE 802.22. The proposed parallel 
sensing mechanism based on interference suppression can solve this problem well from the 
observation of performance evaluations.  

The number of measurements during the roll out phase and during in operation phase is expected to be 
low, and in addition, the measurements will be clustered around disaster hotspots in ABSOLUTE 
scenario. Since the indirect methods are less sensitive to mentioned conditions, thus it is proposed to 
apply indirect methods for RF-REM layer construction. The indirect method sensitivity on erroneous 
GIS information cause by disaster and non-calibrated radio wave propagation model may be reduced 
applying measurements for the calibration. The STM method using previously mentioned approach 
offers good accuracy even at low number of measurements and acceptable method complexity.  

This deliverable is the summary of the research efforts in the first and second year of the ABSOLUTE 
project. The performance evaluations provide a baseline to the following implement works of 
ABSOLUTE. To be specific, Work Package (WP) 5 of ABSOLUTE will follow up and implement the 
spectrum awareness functionality in LTE base station. The basic functionalities of spectrum awareness 
module are driven by spectrum sensing algorithms, the Radio Environment Map and cognitive 
engine/dynamic spectrum management that are investigated in T3.3.  

• The spectrum sensing software consists of a set of selected signal processing algorithms for 
detecting, classifying and measuring the coexisting signals, such as DVB-T, LTE and UMTS. 
These algorithms will be partially implemented in the DSP and partially implemented in 
Matlab running on the host PC for better interfacing with REM and cognitive engine. 

• REM is implemented with software called GRASS-RaPlaT, which can apply real-world 
geographical scenario for estimating the coverage range of cellular systems with specified 
parameters. It is running in an Ubuntu Linux environment established in VirtualBox, which 
communicates with sensing software and cognitive engine with TCP/IP socket. The TCP/IP 
interfaces should be implemented with Python in Ubuntu and with Matlab script in host 
computer’s OS. This scheme can provide the best convenience in development.  

• The cognitive engine/dynamic spectrum management communicate with the sensing module, 
REM through TCP/IP requesting the PS and with PS. The cognitive engine performs 
optimization and decision tasks primarily for channel selection and transmit power 
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configuration to make the best out of the inputs from sensing results and communication with 
REM server. By using the sensing results, the cognitive engine performs optimization and 
decision tasks primarily for channel selection and transmit power configuration.  

Additionally, the algorithms and their corresponding performances have a high possibility of wide 
application to all related scenarios. 



ABSOLUTE  D3.1.2

 

Dissemination Level: PU Page 102

 

Bibliography 
 

[1]  “FP7-ICT-2011-8-318632-ABSOLUTE/D3.1.1 Requirements and Specification for Spectrum 
Awareness,” 2013. 

[2]  “FCC 700MHz public safety band,” [Online]. Available: transition.fcc.gov/pshs/public-safety-
spectrum/700-MHz/partnership.html. 

[3]  “Report 199 (draft): User requirements and spectrum needs for future European broadband 
PPDR systems (Wide Area Networks),” CEPT ECC. 

[4]  “Google's whitespace spectrum database,” [Online]. Available: 
www.google.org/spectrum/whitespace. 

[5]  S. Shellhammer and R. Tandra, “{Performance of the Power Detector with Noise 
Uncertainty},” IEEE 802.22-06/0134r0.  

[6]  H. Cao and J. Peissig, “{Practical Spectrum Sensing with Frequency-Domain Processing in 
Cognitive Radio},” in Proc. of European Signal Processing Conference 2012 (EUSIPCO 
2012), Bucharest, 2012.  

[7]  R. Tandra and A. Sahai, “{Fundamental limits on detection in low SNR under noise 
uncertainty},” in 2005 International Conference on Wireless Networks, Communications and 

Mobile Computing.  

[8]  “{IEEE Std.802.22-06/0127r1: Sensing scheme for DVB-T}”.  

[9]  E. Axell, G. Leus, E. G. Larsson and H. V. Poor, “{Spectrum Sensing for Cognitive Radio : 
State-of-the-Art and Recent Advances},” Signal Processing Magazine, IEEE, vol. 29, no. 3, 
pp. 101-116, 2012.  

[10]  H. Cao, S. Daoud, A. Wilzeck and T. Kaiser, “{Practical issues in spectrum sensing for multi-
carrier system employing pilot tones},” in 3rd International Workshop on Cognitive Radio 
and Advanced Spectrum Management (CogArt 2010), Rome, Italy, 2010.  

[11]  H. Cao, W. Jiang, T. Javornik, M. Wiemeler, T. T. Nguyen and T. Kaiser, “{Spectrum 
Awareness Scheme of the Rapidly Deployable eNodeB for Unexpected and Temporary 
Events},” in First International Workshop on Emerging Technologies and Trends for Public 
Safety Communications (ETPSC 2013), Co-located with IEEE CAMAD 2013 (submitted), 
Berlin, Germany, 2013.  

[12]  H. Cao, W. Jiang and T. Kaiser, “Multi-channel Robust Spectrum Sensing with Low-
complexity Filter Bank Realization,” in IEEE International Symposium on Personal, Indoor 
and Mobile Radio Communications (IEEE PIMRC 2013), London, 2013.  

[13]  H. Cao, W. Jiang, M. Wiemeler, T. Kaiser and J. Peissig, “A Robust Radio Access 
Technology Classification Scheme with Practical Considerations,” in IEEE International 

Symposium on Personal, Indoor and Mobile Radio Communications (IEEE PIMRC 2013), 



ABSOLUTE  D3.1.2

 

Dissemination Level: PU Page 103

 

London, 2013.  

[14]  H. Cao, W. Jiang and T. Kaiser, “Parallel In-band Signal Detection With Self-interference 
Suppression for Cognitive LTE,” in IEEE WCNC 2014 - Workshop on Interference and 

Design Issues for Future Heterogeneous Networks, Istanbul, 2014.  

[15]  F. C. C. FCC, “Memorandum opinion and order on reconsideration of the seventh report and 
order and eighth report and order,” 2008. 

[16]  F. C. C. FCC, “Unlicensed operation in the tv broadcast bands. Second report and order and 
memorandum opinion and order,” 2008. 

[17]  S. Mishra and A. Sahai, “How Much White Space has the FCC Opened Up?,” 2010. 

[18]  H. Yilmaz, T. Tugcu, F. Alago&z and S. Bayhan, “Radio environment map as enabler for 
practical cognitive radio networks,” Communications Magazine, IEEE, vol. 51, no. 12, pp. 
162-169, December 2013.  

[19]  C. Johnson, Long Term Evolution IN BULLETS, 2nd ed., Northampton: CreateSpace, 2012.  

[20]  D. Denkovski, V. Atanasovski, L. Gavrilovska, J. Riihijarvi and P. Mahonen, “Reliability of a 
radio environment map: case of spatial interpolation techniques,” in Cognitive Radio Oriented 

Wireless Networks and Communications (CROWNCOM), 2012 7th International ICST 
Conference on, 2012.  

[21]  E. H. Isaaks and R. Srivastava, Applied geostatistics, Oxford University Press, 1989.  

[22]  M. Angjelicinoski, V. Atanasovski and L. Gavrilovska, “Comparative analysis of spatial 
interpolation methods for creating radio environment maps,” in Telecommunications Forum 
(TELFOR), 2011 19th, 2011.  

[23]  M. Azpurua and K. D. Ramos, “A comparison of spatial interpolation methods for estimation 
of average electromagnetic field magnitude,” Progress In Electromagnetics Research M, vol. 
14, pp. 135-45, 2010.  

[24]  A. Alaya-Feki, B. Sayrac, S. Ben Jemaa and E. Moulines, “Interference Cartography for 
Hierarchical Dynamic Spectrum Access,” in New Frontiers in Dynamic Spectrum Access 
Networks, 2008. DySPAN 2008. 3rd IEEE Symposium on, 2008.  

[25]  C. Phillips, M. Ton, D. Sicker and D. Grunwald, “Practical radio environment mapping with 
geostatistics,” in Dynamic Spectrum Access Networks (DYSPAN), 2012 IEEE International 

Symposium on, 2012.  

[26]  B. Yilmaz, “Cooperative spectrum sensing and radio environment map construction in 
cognitive radio networks,” 2012. 

[27]  J. Riihija&rvi and P. Mahonen, “Exploiting spatial statistics of primary and secondary users 
towards improved cognitive radio networks,” in Cognitive Radio Oriented Wireless Networks 

and Communications, 2008. CrownCom 2008. 3rd International Conference on, 2008.  

[28]  L. Bolea, J. Pérez-Romero, R. Agustí and O. Sallent, “Image processing techniques as a 



ABSOLUTE  D3.1.2

 

Dissemination Level: PU Page 104

 

support to transmitter positioning determination in cognitive radio networks,” in 
Telecommunications (AICT), 2010 Sixth Advanced International Conference on, 2010.  

[29]  L. Bolea, J. Perez-Romero and R. Agusti, “Received signal interpolation for context discovery 
in Cognitive Radio,” in Wireless Personal Multimedia Communications (WPMC), 2011 14th 
International Symposium on, 2011.  

[30]  L. Bolea, J. Perez-Romero, R. Agustí and O. Sallent, “Context discovery mechanisms for 

cognitive radio,” in Vehicular Technology Conference (VTC Spring), 2011 IEEE 73rd, 2011.  

[31]  G. Mateos, J.-A. Bazerque and G. Giannakis, “Spline-based spectrum cartography for 
cognitive radios,” in Signals, Systems and Computers, 2009 Conference Record of the Forty-

Third Asilomar Conference on, 2009.  

[32]  R. J. Renka, “Multivariate interpolation of large sets of scattered data,” ACM Trans. Math. 

Softw., vol. 14, no. 2, pp. 139-148, #jun# 1988.  

[33]  R. Franke and G. Nielson, “Smooth interpolation of large sets of scattered data,” International 

Journal for Numerical Methods in Engineering, vol. 15, no. 11, pp. 1691-1704, 1980.  

[34]  I. A. Nalder and R. W. Wein, “Spatial interpolation of climatic normals: Test of a new method 
in the Canadian boreal forest,” Agricultural and Forest Meteorology , vol. 92, no. 4, pp. 211-
225, 1998.  

[35]  I. Dagres, A. Polydoros, J. Riihijärvi, J. Nasreddine, P. Mähönen, L. Gavrilovska, V. 
Atanasovski, J. van de Beek, B. Sayrac, S. Grimoud, M. L. Benitez and J. P. Romero, 
“Flexible and Spectrum Aware Radio Access through Measurements and Modelling in 
Cognitive Radio Systems Radio Environmental Maps: Information Models and Reference 
Model,” 2011. 

[36]  P. Goovaerts, Geostatics for natural resources evaluation, Oxford University Press, 1997.  

[37]  L. Jin and A. D. Heap, “A Review of Spatial Interpolation Methods for Environmental 
Scientists,” Canberra, 2008. 

[38]  R. Mahapatra and E. Strinati, “Interference-aware dynamic spectrum access in cognitive radio 
network,” in Personal Indoor and Mobile Radio Communications (PIMRC), 2011 IEEE 22nd 

International Symposium on, 2011.  

[39]  M. Pesko, T. Javornik, M. Stular and M. Mohorcic, “The comparison of methods for 
constructing the radio frequency layer of radio environment map using participatory 
measurements,” in 4th Workshop of COST Action IC0902: Cognitive Radio and Networking 
for Cooperative Coexistence of Heterogeneous Wireless Networks, 2013.  

[40]  Y. O. Isselmou, H. Wackernagel, W. Tabbara and J. Wiart, “Geostatistical interpolation for 
mapping radio-electric exposure levels,” in Antennas and Propagation, 2006. EuCAP 2006. 

First European Conference on, 2006.  

[41]  A. Hrovat, I. Ozimek, A. Vilhar, T. Celcer, I. Saje and T. Javornik, “Radio coverage 
calculations of terrestrial wireless networks using an open-source GRASS system,” WSEAS 



ABSOLUTE  D3.1.2

 

Dissemination Level: PU Page 105

 

Transactions on Communications, vol. 9, no. 10, pp. 646-57, 2010.  

[42]  GRASS Development Team, Januar 2012. [Online]. Available: http://grass.osgeo.org. 

[43]  A. Hrovat, I. Ozimek, A. Vilhar, T. Celcer, I. Saje and T. Javornik, “Radio coverage 
calculations of terrestrial wireless networks using an open-source GRASS system,” WSEAS 
Transactions on Communications, vol. 9, no. 10, pp. 646-657, 2010.  

[44]  March 2014. [Online]. Available: 
http://radiomobile.pe1mew.nl/?The_program:Definitions:MSI. 

[45]  A. Dejonghe, 2014. [Online]. Available: http://www.imec-
nl.nl/content/user/File/Brochures/GR2011_Leaflet_Spectral%20Sensing.pdf. 

[46]  C. project, 2014. [Online]. Available: http://www.crew-
project.eu/trainingdays/imecsensingengine. 

[47]  F. M. Albero, A. Štern and A. Kos, “Mobile network measurements using Android,” in ERK-
2013 International Electrotechnical and Computer Science Conference, Portorož, Slovenia, 
2013.  

[48]  S. K. A. G. a. M. C. A. Mariani, “Cooperative weighted centroid localization for cognitive 
radio networks,” in IEEE International Symposium on Communications and Information 
Technologies, 2012.  

[49]  P. U. Y. H. a. D. C. J. Wang, “Weighted centroid localization algorithm: theoretical analysis 
and distributed implementation,” IEEE Transactions on Wireless Communications, vol. 10, p. 
3403–3413, 2011.  

[50]  H. J. a. J. M. S. Kim, “Robust localization with unknown transmission power for cognitive 
radio,” in IEEE Milcom, 2007.  

[51]  X. Li, “Rss-based location estimation with unknown pathloss model,” IEEE Transactions on 

Wireless Communications, vol. 5, no. 12, p. 3626–3633, 2006.  

[52]  B. A. a. B. F. G. Mao, “Path loss exponent estimation for wireless sensor network 
localization,” IEEE Computer Networks, vol. 51, p. 2467–2483, 2007.  

[53]  A. G. a. B. Anderson, “Emitter localization using received-strength-signal data,” IEEE Signal 

Processing, vol. 93, no. 5, p. 996–1012, 2013.  

[54]  H. X. T. Q. D. J. J. a. T. H. G. Han, “Localization algorithms of wireless sensor networks: a 
survey,”,” Telecommunication Systems, pp. 1-18, 2008.  

[55]  A. P. F. G. C. D. a. V. B. O. Duval, “Blind multi-sources detection and localization for 
cognitive radio,” in IEEE GLOBECOM, 2008.  

[56]  K. M. a. S. Kandeepan, “Cooperative blind localization of primary user in a cognitive radio 
environment,” in International Conference of Signal Processing and Communication Systems, 
2014.  



ABSOLUTE  D3.1.2

 

Dissemination Level: PU Page 106

 

[57]  K. L. S. P. X. C. X. Yang, “Sensing performance analysis of GLRT detector with multiple 
antennas: Does correlation help?,” in IET 3rd International Conference on Wireless, Mobile 
and Multimedia Networks (ICWMNN 2010), 2010.  

[58]  Z. Z. X. S. B. L. H.P. Yao, “Location based spectrum sensing performance analysis over 
fading channels in cognitive radio networks,” The Journal of China Universities of Posts and 

Telecommunications, pp. 26-31, 2010.  

[59]  A. D. M. a. M. Lops, “Design Principles of MIMO Radar Detectors,” IEEE transactions on 

Aerospace and Electronic Systems, pp. 886-898, 2007.  

[60]  J. F. N. H. a. H. L. P. Wang, “Multiantenna-assisted spectrum sensing for cognitive radio,” 
IEEE Trans. Veh. Technol., vol. 59, no. 4, p. 1791–1800, 2010.  

[61]  M. N.-K. a. S. G. A. Taherpour, “Multiple antenna spectrum sensing in cognitive radios,” 
IEEE Trans. Wireless Commun., vol. 9, pp. 814-823, 2010.  

[62]  J. P. A. Pandharipande, “Performance analysis of primary user detection in a multiple antenna 
cognitive radio,” in IEEE International Conference on Communications, 2007.  

[63]  C. T. H. J. S. Atapattu, “Energy Detection Based Cooperative Spectrum Sensing in Cognitive 
Radio Networks,” IEEE Transactions on Wireless Communications, vol. 10, no. 4, 2011.  

[64]  Y. L. a. S. K. J. M. Bkassiny, “A Survey on Machine-Learning Techniques in Cognitive 
Radios,” IEEE Communications Surveys and Tutorials, 2012.  

[65]  S. Haykin, “Cognitive radio: brain-empowered wireless communications,,” IEEE Journal on 

Selected Areas of Communications, 2005.  

[66]  F. C. Commission, “Facilitating Opportunities for Flexible, Efficient, and Reliable Spectrum 
Use Employing Cognitive Radio Technologies,” Docket No. 03-322, Dec.2003.. 

[67]  J. L. a. V. J. Okansen, Reinforcement Learning based sensing policy for energy efficient 
cognitive radio networks, ELSEVIER, , Mar. 2012..  

[68]  F. F. M. S. a. F. J. U.Berthold, “Detection of Spectral Resources in Cognitive Radios using 
Reinforcement Learning,” in IEEE DySPAN, 2008.  

[69]  B. L. a. I. Akyildiz, “Reinforcement Learning-based Cooperative Sensing in Cognitive Ad 
Hoc Networks,” in IEEE PIMRC, 2010.  

[70]  S. K. a. R. E. S. Arunthavanathan, “Reinforcement Learning based Secondary User 
Transmissions in Cognitive Radio Networks,” in IEEE Globecom BWA-WS, 2013.  

[71]  S. K. a. A. Giorgetti, Cognitive Radio Techniques: Spectrum Sensing, Interference Mitigation 
and Localization, London: Artech House, 2013.  

[72]  S. Kandeepan et al, “Energy Efficient Cooperative Strategies in Hybrid Aerial-Terrestrial 
Networks for Emergencies,” in IEEE PIMRC, 2011.  

[73]  S. K. a. R. E. S.Arunthavanathan, “Spectrum Sensing and Detection of Incumbent-UEs in 
Secondary-LTE based Aerial-Terrestrial Networks for Disaster Recovery,” in IEEE CAMAD, 



ABSOLUTE  D3.1.2

 

Dissemination Level: PU Page 107

 

2013.  

 

  



ABSOLUTE  D3.1.2

 

Dissemination Level: PU Page 108

 

Acknowledgement 

This document has been produced in the context of the ABSOLUTE project. ABSOLUTE consortium 
would like to acknowledge that the research leading to these results has received funding from the 
European Commission’s Seventh Framework Programme (FP7-2011-8) under the Grant Agreement 
FP7-ICT-318632.  

 


